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Conjoint Analysis : Data Quality Control
Abstract
With 30 years of development and innovation, conjoint analysis has grown to become the foremost technique
in quantifying and measuring consumers’ preferences during purchase decisions that involve multiattribute
products. Researchers in conjoint analysis generally agree that one of the most significant developments
occurred when commercial conjoint computer packages were introduced. Software packages bring mixed
blessings to researchers and marketers. They enable widespread usage of conjoint applications in consumer
behavior, while at the same time canned programs allow managers and marketers to employ the technique
blindly without truly understanding the technique or making sure that the data is consistent. This often leads
to poor data quality and hence less than desirable results that have huge impact on managerial decisions.
The purpose of this paper is to investigate various kinds of inconsistencies that exist in conjoint survey data, in
order to develop and recommend a framework for managers and marketers to identify signs of possibly
inconsistent data. We then discuss some ideas we discovered that can be used to improve data quality control.
Next, we illustrate the problem of poor data quality and the application of our recommendations with a
detailed case study related to a wireless telecommunications service provider T-Mobile. The paper concludes
with a brief discussion of some promising areas of future research in the area of data quality control in
conjoint analysis.
This journal article is available at ScholarlyCommons: http://repository.upenn.edu/wharton_research_scholars/23
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Introduction 
With 30 years of development and innovation, conjoint analysis has grown to 
become the foremost technique in quantifying and measuring consumers’ preferences 
during purchase decisions that involve multiattribute products. Researchers in conjoint 
analysis generally agree that one of the most significant developments occurred when 
commercial conjoint computer packages were introduced. Software packages bring 
mixed blessings to researchers and marketers. They enable widespread usage of conjoint 
applications in consumer behavior, while at the same time canned programs allow 
managers and marketers to employ the technique blindly without truly understanding the 
technique or making sure that the data is consistent. This often leads to poor data quality 
and hence less than desirable results that have huge impact on managerial decisions. 
The purpose of this paper is to investigate various kinds of inconsistencies that 
exist in conjoint survey data, in order to develop and recommend a framework for 
managers and marketers to identify signs of possibly inconsistent data. We then discuss 
some ideas we discovered that can be used to improve data quality control. Next, we 
illustrate the problem of poor data quality and the application of our recommendations 
with a detailed case study related to a wireless telecommunications service provider T-
Mobile. The paper concludes with a brief discussion of some promising areas of future 
research in the area of data quality control in conjoint analysis. 
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Conjoint Analysis 
 
Conjoint analysis deals with central management decisions: Why consumers 
choose one brand or one supplier over another? How do consumers react to 
reformulations of the product? How price sensitive are consumers? To whom is a given 
product attractive? Managers and marketers always want to know how consumers make 
purchase decision especially when it concerns products with multiple attributes. In order 
to measure trade-offs between various product attributes, we need to quantify consumers’ 
preferences by assigning specific values to the range of options consumers consider when 
making a purchase decision. Armed with this knowledge, managers can focus on the 
most important features of products or services and design messages most likely to strike 
a cord with target buyers. 
 
However, when asked outright to accurately determine the relative importance of 
product attributes and preference for levels of these attributes, many consumers are 
unable to do so. Furthermore, individual attribute levels in isolation are perceived 
differently from combinations of levels across attributes that are found in a product. The 
task is easier if the survey respondent is presented with combinations of attribute levels 
that can be visualized as different product offerings.  
 
Conjoint analysis is a technique that allows managers to analyze how customers 
make trade-offs by presenting profile descriptions to survey respondents, and deriving a 
set of partworths for the individual attribute levels that, given some type of composition 
or additive rule, reflects the respondents’ overall preferences. It uses only a subset of the 
possible combinations of product attribute levels, and decomposes the respondents’ 
evaluations of the profiles into separate and compatible utility scales by which the 
original global judgments or others involving new combinations of attributes can be 
reconstituted.  
 
Since its introduction to the marketing area, conjoint analysis has proved to have 
remarkable staying power in both academia and industry. The former’s interest is 
suggested by the continuing rise in the number of journal articles on conjoint analysis. 
The latter’s interest is made clear by the increasing number of conjoint applications 
(Green, Krieger and Wind, 2001). The technique is definitely one of the major cross-over 
breakthroughs between academic theory and practitioner relevance in the field of 
marketing research. Thousands of companies today utilize conjoint methods for decision-
making in product introductions, pricing, market segmentation…etc. Most of the time 
they spend large sums of money on employing marketing research professionals and 
consultants to conduct conjoint-based studies. Some major projects that involve 
significant use of conjoint analysis include the design of Courtyard by Marriott and the 
launch of EZPass. The technique has also been used for consumer and industrial products 
and services and for not-for-profit offerings. 
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Basic Concepts 
 
 In this section, we will illustrate the basic concepts and mathematics of conjoint 
analysis in greater detail, in the context of an actual case involving the development of 
product offerings for T-Mobile, a mobile phone service provider. The managers and 
marketers of the company wish to investigate the possibility of modifying its current 
product offerings. They paid approximately one million dollar to a consulting firm to 
conduct a large-scale conjoint analysis on consumers’ behaviors with regard to mobile 
phone plans. To set up a conjoint-based study, the consulting firm first developed a set of 
attributes and the corresponding attribute levels which describe the characteristics of the 
products offered in the competitive domain. In most conjoint analyses, researchers use 
various sources to design sets of attributes and levels, such as focus groups, consumer 
interviews and corporate expertise.  
 
 In the case study, the management team at T-Mobile together with the consultants 
identified 11 attributes with 2 to 10 levels each; there are 58 levels in total. Below is the 
list of attributes and the levels.  
 
1. Provider (6 levels):  
T-Mobile; Cingular; Sprint; AT&T; Verizon; Nextel 
2. Anytime Minutes (10 levels):  
Unlimited; 3000; 2000; 1200; 1000; 600; 300; 100; 60; Flat rate 
3. Night Minutes (5 levels): 
Unlimited; 5000; 3000; 1000; None 
4. Weekend Minutes (5 levels): 
Unlimited; 5000; 3000; 1000; None 
5. Geographic Coverage (5 levels) : 
Nationwide; Multi-state+Long Distance; Multi-state; Metro are+Long Distance; 
Metro area 
6. Mobile to Mobile Minutes (5 levels): 
Unlimited; 5000; 1000; 500; None 
7. Rollover Minutes (2 levels): 
Yes; No 
8. Contract (3 levels): 
None; 1 Year; 2 Years 
9. Price of Handset (5 levels): 
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Free; $25; $50; $75; $100 
10. Monthly Cost (7 levels): 
$14.99; $19.99; $29.99; $39.99; $49.99; $69.99; $99.99 
11. Overage Cost (5 levels): 
10 Cents; 20 Cents; 30 Cents; 40 Cents; 50 Cents 
 
Consequently, a total of profiles would have to 
be tested if the researches were to array all possible combinations of the 11 attributes. In 
conjoint analysis, where the total number of possible combinations of levels or product 
offerings is huge, researchers employ orthogonal arrays and other types of fractional 
factorial designs so that a respondent will only be presented with a subset of the 
combinations. A total of 90 profiles were generated and there was also a ‘base case’ 
profile with attributes which describe the actual product offering that T-mobile proposed. 
This is sufficient to measure preferences for each attribute level on an uncorrelated basis.  
393750001076532 6 =×××××
 
Conjoint Preference Models 
  
 Conjoint analyses involve the use of partworth models, regardless of the approach 
that is used to obtained the survey data. The alternative preference models such as ideal-
point and vector models are rarely used.  
We will use the same notation throughout this paper.  
 First, let  
p = 1, 2, …, P 
index the set of P attributes or factors that have been chosen. Next, let yjp denote the level 
of the pth attribute for the jth stimulus. 
 
1.  Vector Model 
The vector model is described by the following formula: 
 
 
∑
=
=
P
1p
p jpj dws
where sj is the respondent’s preference for the jth stimulus, Wp denotes the respondent’s 
importance weight for the P attributes and djp is the desirability of the pth attribute for the 
jth stimulus (Figure 1).  
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Figure 1  Preference models (Vector model, Ideal-point model and Partworth model respectively) 
 
2.  Ideal-point Model 
Let yjp denote the level (measured on a quantitative scale) of the pth attribute for the jth 
stimulus.  
The ideal-point model assumes that the preference sj is ne1gatively related to the squared 
weighted distance dj2 of the location yjp of the jth stimulus from the individual’s ideal 
point xp, where dj2 is defined as 
( )∑
=
−=
P
1p
2
p
2
jd pjp xyw  
 
3. Partworth Model 
The partworth function model assumes that 
     ( )∑
=
=
P
1p
jppj yft  
where tj is the respondent’s preference for the jth stimulus, fp is the function denoting the 
partworth of different levels of yjp for the pth attribute. In practice, researchers obtain 
estimates fp (yjp) for a selected set of discrete levels of yjp. 
 
 Green and Srinivasan (1978) discusses the relative desirability of the three models 
described above. According to the discussion, the partworth model provides the greatest 
flexibility in allowing different shapes for the preference function along each of the 
attributes. However, to determine the part worth for a value of yjp outside the range of 
estimation, extrapolation of the piecewise linear function would be needed and the 
validity of this procedure is questionable. Flexibility is greater as we go from the vector 
to the ideal point and to the partworth function models, but the reliability of the estimated 
parameters is likely to improve in the reverse order. Consequently, from the point of view 
of predictive validity, the relative desirability of the above preference models are not 
clear. 
In practical applications, most researchers use partworth models in analyzing 
consumers’ preference functions. Partworths are always scaled so that the lowest 
partworth is zero within each attribute, thus allowing addition of partworths to obtain the 
overall utility of any profile that can be composed from the basic attribute levels. 
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 Approaches to Data Collection 
 
 There are four major types of conjoint approaches that can be used in data 
collection (Green, Krieger and Wind, 2001).  
 
1. Full Profile  
Traditional conjoint analysis uses full profiles and ordinary least square regression 
to estimate partworths. Each respondent is presented full profiles and receives 
three possible basic tasks. The full profile approach can be divided into two 
subtypes:  
 
A. One supplier at a time 
Some studies fix all other suppliers and only consider one supplier at a time. 
1. Likelihood of purchase 
The profiles are sorted into ordered categories, and only one supplier is 
considered at a time. The respondent is then asked to give ratings to each 
profile on a 0 to 100 likelihood-of-purchase scale. 
 
B. Multiple suppliers at a time 
Many studies involve changing all suppliers and asking for the following types        
of responses. Hence a profile indicates all levels for all attributes. In the T-
mobile case study with six suppliers, each profile would indicate 60 levels, 10 
levels for each of the six suppliers. 
2. Choice 
Respondents are presented with a profile across suppliers and asked to 
choose one supplier that he or she prefers. 
3. Ranking 
Respondents are also presented with a profile across suppliers and asked 
to rank the suppliers in order of preference based on the profile. 
4. Constant Sum 
Respondents are presented with a profile across suppliers and asked to 
allocate a sum of 100 points in any way he or she wishes according to the 
attractiveness of the suppliers. The point sum should be 100. 
 
Researchers can use both subtypes of responses to determine partworths on two 
levels: 
1) Aggregate Level  
a. Constant partworths and same intercept term  
All individuals are assumed to have similar preference or utility 
structures, so they would have the same intercept term as well as 
partworths for the attribute levels.  
2) Individual Level 
a. Constant partworths but different intercept terms for each individual 
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The respondents are assumed to have different preference or utility 
structures, so different intercept terms are determined for each 
individual. The partworths for attribute levels are still the same 
across individuals. 
b. Individual Partworths 
The respondents are assumed to have different preference or utility 
structures. Since there is generally insufficient data at the individual 
level, hierarchical Bayes (HB) modeling is employed to determine 
different sets of partworths for each individual for the same set of 
attribute levels. In HB modeling, we assume that individual 
partworths are described by a random draw from a common 
multivariate normal distribution. We also assume that, given an 
individual’s betas, his or her probabilities of achieving some 
outcome is governed by a particular model, such as multinomial logit 
or linear regression (Orme, 2000). 
 
2. Self Explicated  
Self-explicated preference models are quite popular in marketing. Each 
respondent rates the desirability of each attribute level on a 0 to 10 scale and then 
rates the attributes on an importance scale of 0 to 100.  
 
3. Hybrid  
Hybrid models use self-explicated partworths as a basic input for further 
parameter estimation. The respondent then evaluates a subset of the full profiles. 
The resulting utility function is derived using data obtained from both tasks.  
 
4. ACA 
Sawtooth Software’s Adaptive Conjoint Analysis (ACA) uses a combination of 
self-explicated data and graded comparisons of partial profiles. Self-explicated 
data are collected first, and partworths for the more important attributes are then 
refined through a serious of graded paired comparisons. An interesting aspect of 
ACA is that it is dynamic in that the respondent’s previous answers are used at 
each step to select the next paired comparison question so as to provide the most 
information. 
 
Although the purpose of all the above approaches is to predict individual 
preferences, one might expect that there would be differences in which method does best 
in which situations. No one method is likely to dominate across all circumstances, i.e. 
product categories, subjects, numbers of attributes…etc. For simple products with few 
attributes, the full profile method would probably work quite well. As the number of 
attributes increase, and the number of tradeoffs that have to be made also increase, the 
hybrid model might mimic the marketplace situation better and hence show higher 
predictive validity. With extremely large designs, i.e. lots of attributes and levels, ACA 
might do better as the traditional conjoint task may then get too unwieldy. However, it 
has been shown empirically that the self-explicated approach outpredicted the ACA 
method in terms of cross-validated correlation and first choice hits, besides reducing the 
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interview time considerably (Green, Krieger and Agarwal, 1990). Hierarchical Bayes 
modeling, on the other hand, allows researchers to more accurately target/model 
individuals, but it is demanding both in terms of computational time and complexity. 
 
Next, we will describe how simulators work and how utility functions are 
obtained.  
Market simulators 
 
1.  Conjoint Model 
 After obtaining partworth estimates for conjoint approach, researchers incorporate 
some kind of simulator that could take each individual’s idiosyncratic partworths and 
compute its implied choices in various ways to develop forecasts of how the market 
might respond to managerial changes in product design. The values (partworths) of the 
attributes could be varied in ways so as to forecast changes in market shares and returns 
to the sponsor firm and to competitors in the same marketplace. Other aspects, such as 
market segments, could also be isolated for specific marketing strategy decisions. 
 
 Suppose the primary data input to the model consists of a matrix of K individuals’ 
partworths. Assuming there is no interactions involved. Let denote the utility on the 
pth attribute for the jth level for individual k, and be the intercept term for individual k.  
k
pjy
ka
The utility of a profile to individual k is the sum of the individual’s intercept term 
and the partworths corresponding to the attribute levels that compose the profile.  
( ) ∑
=
+=
P
p
kk
pjPk ayjjjjU p
1
321 ,...,,  
The market share estimates for the profile for individual k can then be calculated 
using the following function: 
Market Share k = 
( )
( )Pk
Pk
jjjjU
jjjjU
e
e
,...,,
,...,,
321
321
1+  
 
We can then aggregate the shares for all individuals (say, a total of K individuals) 
to obtain 
∑
=
=
K
k
kaggregate
1
k ShareMarket w ShareMarket  
where wk is the weight of individual k. The weight could be set as 1/K, but it could also 
be set to reflect the volume of the individual’s purchases in the product category.  
 
2.  Self-Explicated Model 
For the self-explicated approach, the utility for a certain attribute level to 
individual k can be generated by multiplying the desirability score of the attribute level 
and the importance score of that particular attribute. The utility function for the profile is 
then the sum of the utilities (self-explicated partworths) for all attribute levels that 
describe this profile.  
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The predicted market share can then be derived according to the following 
function: 
Market Share k = 
k
k
U
U
e
e
+1  
The aggregate market share for all individuals (say, a total of K individuals) is 
then 
∑
=
=
K
k
kaggregate
1
k ShareMarket w ShareMarket  
3.  Hybrid Model 
For hybrid modeling, self-explicated data is first used to obtain a preliminary set 
of individualized set of partworths for each respondent. In addition, each respondent 
provides full-profile evaluations for a limited number of stimulus profiles. The smaller 
number of profiles are drawn from a much larger master design in such a way that at the 
market-segment level, each stimulus in the larger set has been evaluated by a subset of 
the respondents.  Adjustments to partworths are estimated by relating, through multiple 
regression, the overall preferences for the full profiles to the self-explicated utilities. Each 
respondents to the self-explicated utilities can then be augmented by segment-level 
parameters estimated from the multiple regression (Green and Srinivasan, 1990). One 
form of the hybrid model uses the self-explicated data to get the “x” values for each 
profile. Then a regression is run on the conjoint data to obtain updated partworths. 
Conventional wisdom is that the desirabilities from the self-explicated data are 
reasonable, but the importances are more suspect. For this reason, the conjoint data is 
used to update these importances as described above.  
 
Implementation of Conjoint Analysis 
 
 
  We have discussed the basic concepts and mathematics of conjoint analysis. In 
this section, we focus on the implementation of conjoint analysis. The various steps 
involved in conjoint analysis can be summarized in the following table. Once attributes 
and the attribute levels are determined, researchers can follow the framework below in 
implementing conjoint analysis. 
 
Step Alternative Methods 
1.  Preference model Vector model, ideal point model, partworth 
function model 
2.  Data collection approach Full profile, self-explicated, hybrid, ACA 
3.  Stimulus set construction for the full-
profile method 
Fractional fractorial design, random 
sampling from multivariate distribution 
4.  Stimulus presentation Verbal description (multiple cue, stimulus 
card), paragraph description, pictorial or 
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three-dimensional model representation 
5.  Measurement scale for the dependent 
variable 
Likelihood-of-purchase, choice, ranking, 
constant-sum 
6.  Estimation method Metric methods (multiple regression); 
nonmetric methods (LINMAP, 
MONANOVA, PREFMAP, Johnson’s 
nonmetric algorithm); choice-probability- 
based methods (logit, probit); hierarchical 
Bayes modeling 
7.  Market Share Simulators Conjoint, self-explicated, hybrid 
  
Green and Srinivasan (1990) discusses each of these steps in detail. There is 
considerable amount of empirical research in this area to determine the methods that are 
most appropriate for each of the steps. In previous sections, we discussed various 
preference models, data collection approaches and market shares simulators. We have 
also discussed briefly various partworth estimation methods and measurement scales for 
the dependent variable when data is collected using the full profile approach. Next, we 
will describe stimulus set construction and stimulus presentation methods. 
  
 In constructing stimulus sets for the full-profile method, we should consider that 
the number of brands that a respondent can recognize is usually small. Also, real brands 
and services are usually not distinguishable enough to provide reliable estimates of 
parameters. Therefore, conjoint analysis is usually done with hypothetical stimulus 
descriptions. A discussion of various questions that arise in constructing stimulus set can 
be found in the paper by Green and Srinivasan, 1978. The paper discusses various issues 
involved in implementing conjoint analysis and describes the number of stimuli we need 
to use as well as the range of attribute variation and interattribute correlation we need to 
apply. It also describes how the stimuli themselves should be constructed. In addition, 
specialized literature in the area of stimulus set construction is readily available. The 
current market trend is to use fractional factorial designs and other kinds of orthogonal 
plans that either exclude or markedly limit the measurement of interaction effects. This 
trend has been fostered tremendously by the development of computer software packages 
that prepares orthogonal plans.  
 
Current conjoint analysis includes presentation of the hypothetical stimuli in the 
full profile approach involving variations and combinations of the three basic approaches: 
1. Verbal description 
2. Paragraph description 
3. Pictorial representation 
The verbal description approach is better at maintaining attention of the respondents, but 
it may cause information overload. It can be administered by phone or during interviews. 
On the other hand, paragraph description, administered usually by mail and the Internet, 
provides a more realistic and complete description of the stimulus and has the advantage 
of simultaneously testing advertising claims. However, the total number of descriptions 
has to be kept small in order to prevent fatigue, so parameter estimates are likely to be 
very inaccurate especially at the individual level. Pictorial representations using visual 
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props or prototypes provide many advantages over verbal and paragraph descriptions. 
They reduce information overload and increase homogeneity of perceptions of attributes 
such as capacity and ‘roominess’. It also makes the task itself more interesting and 
realistic. Pictorial representation can be administered during interviews or by using the 
Internet. Green and Srinivasan (1978) recommends that verbal and the pictorial 
approaches are likely to be the best methods of presenting stimulus descriptions, 
assuming individual-level parameter estimates are to be obtained. Nature of the product 
and cost considerations are probably the determining factors for the choice of pictorial 
representations.  
 
 We suggest that readers who would like a detailed study of the implementation of 
conjoint anlaysis should read Green and Srinivasan (1978). 
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Main issue 
 
 Many computer programs are developed for the determination of partworths of 
various attribute levels and the computation of market share estimations from survey data 
inputs. However, some managers and marketers use these canned programs blindly by 
feeding data into simulators without first looking into and understanding the survey data. 
This may lead to less than desirable conclusions. This can happen when there is a tight 
timeframe for the managers or a lack of thorough understanding of the technique. It can 
also happen when the analysis becomes too mechanistic, so managers and marketers do 
not spend enough time looking at the data and assuring its consistency.  
 
It is common for companies to spend large sums of money on conjoint analysis 
software and hiring marketing research professionals and consultants to conduct conjoint-
based studies. Clearly, even with extensive, large-scale survey, there is always a chance 
of getting survey data of poor quality that could give rise to misleading results. This is 
more likely to occur from conjoint analysis surveys with a large number of attributes and 
levels within attributes, because this places severe information overload on the survey 
respondents. When faced with such tasks, respondents may resort to simplifying tactics 
and give answers that may not truly reflect their preferences. The resulting partworth 
estimates will therefore distort the respondents’ true preference or utility structure. There 
is also a tendency for researchers to include more attributes and hence more conjoint 
questions so as to better determine more precise utilities. We recognize, however, that 
respondents may experience fatigue, so there is a limit beyond which we can no longer 
get reliable responses. Besides, sometimes respondents may not interpret the survey 
questions correctly or they may not take the survey seriously, thus giving answers that are 
not representative of their true preferences. It is thus obvious that maintaining high data 
quality in conjoint analysis is not easy. These are very important issues that are central to 
any conjoint exercise, because poor data can lead to inaccurate inferences or even worse, 
wrong decisions. 
 
 Poor data quality can result in inconsistent results in many ways. For example, 
poor data inputs may give rise to derived partworth estimates that do not obey obvious 
orderings of attribute levels. We will first illustrate this idea with a simple example – 
credit card subscription. It is apparent that any rational individual would prefer lower 
prices to higher prices.  For annual price of credit card subscription, any rational 
individual would choose a lower amount, say $10.00 annually, over a higher amount, say 
$30.00 annually. Similar obvious orderings should also appear in attributes such as 
amount of end-of-year cash rebates as a percentage of annual total purchases, where any 
rational individual would prefer a higher percentage to a lower percentage for the same 
annual price. This type of obvious ordering of levels within an attribute is called 
‘monotonicity’. Violation of monotonicity can happen when data quality are poor or 
when data are analyzed poorly.  
 
We further illustrate the above idea with a case study done for wireless 
telecommunications services provider T-Mobile. We will see that the partworth estimates 
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derived from a large scale conjoint-based survey do not obey monotonicity, i.e. the levels 
of attribute do not follow an obvious ordering. The management team at T-mobile 
accepted the results produced by the conjoint exercise, however no one looked carefully 
at the original survey data. It was not until later, when a top executive tried to deduce 
information from the survey data for a pricing decision that T-mobile managers realized 
that the original data inputs do not actually make sense. For example, the partworth 
estimates generated for monotonic attributes such as “anytime minutes” do not follow the 
obvious ordering.  It is apparent that any rational individual would prefer more anytime 
minutes to fewer anytime minutes for the same price. However, the partworth estimates 
indicate that 1000 anytime minutes per month is more preferred than 1200 anytime 
minutes per month, and 600 anytime minutes is more preferred than 1000 anytimes 
minutes. Figure 2 below is the partworth estimates for all the levels within the attribute 
“anytime minutes” as well as a chart that clearly shows the violation of monotonicity. 
This shows that the survey results are inconsistent with respondents’ preference 
structures assuming all respondents are rational.  Therefore, there may be problems with 
the quality of either data inputs or the data analysis, which result in poor conclusions and 
waste of resources.  
Figure 1   Partworth estimates for anytime minutes per month 
Average Partworths
Unlimited 0.087474
3000 0.064786
2000 0.04592
1200 0.026613
1000 0.033534
600 0.036452
300 -0.028752
100 -0.06487
60 -0.09891
Flat rate of 10cents/minute -0.102246  
-0.15
-0.1
-0.05
0
0.05
0.1
A nytime
Minutes[1]
Anytime
Minutes[2]
A nytime
Minutes[3]
Anytime
Minutes[4]
Anytime
Minutes[5]
A nytime
Minutes[6]
A nytime
Minutes[7]
Anytime
Minutes[8]
Anytime
Minutes[9]
A nytime
Minutes[10]
Unlimited   3000   2000   1200   1000      600     300        100        60      Flat rate
 
  
As we discussed, there are many reasons for obtaining data inputs of poor quality. 
Certainly, we should investigate approaches that are aimed at detecting whether quality 
conjoint survey data inputs are present, so that managers and marketers will know how to 
assure data quality by spending time to look at the data inputs with appropriate 
instruments. This is the ultimate reason that motivates us to investigate the central 
research questions related to data quality for conjoint analysis.  We want to know how we 
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can tell if the survey data are of good quality or not in a conjoint setting. We want to 
know how we can come up with ways of describing the data to ascertain the quality of 
the data, and we want to focus on methods that can be used to improve and adjust data to 
make them meaningful. We also want to identify methods that can be employed to obtain 
better data, and to assess the extent to which this affects the quality of managerial 
decisions. The purpose is to arrive at a set of guidelines or a framework that can help 
provide quality control of the data, thus avoiding possible pitfalls in carrying out a 
conjoint analysis.  
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Ideas discovered 
 
In this research, we analyzed the data inputs and the derived results of conjoint 
analysis from an illustrative T-Mobile case study. We have discovered some ideas that 
may help us in identifying problems that can be ascribed to data inputs and guide us in 
attempting to improve the quality of the data. We will first discuss the ideas that we 
discovered, and illustrate these ideas with the details of the case study in the next section.  
 
One of the first questions to be asked is how can we know if the data inputs are of 
good quality or not in a conjoint setting? By analyzing various data sets, we have 
identified the significant types of inconsistencies underlying survey data inputs. In hybrid 
analyses where self-explicated types of questions and conjoint-based questions are both 
employed, we have several methods that uncover inconsistencies of data inputs. All of 
these methods are carried out by looking at responses given at the individual level. 
 
Self-Explicated Questions 
 
Generally, companies and consultants do not collect self-explicated data. 
However, in this research we discover that having self-explicated data may be a good 
vehicle to help us determine if the data inputs are of good quality or not. Self-explicated 
data could help us analyze the conjoint data and determine whether they are reasonable 
and truthful, with the approaches we have just described. It is therefore of interest to look 
into ways of carrying out analyses across self-explicated data and conjoint-based data. 
We suggest including self-explicated questions in conjoint-based surveys, so we will 
have one more data source to check against the conjoint scores.   
 
For responses to self-explicated questions, there are two different approaches to 
tell whether the data are of good quality or not. In the first approach, we only look at the 
responses to the self-explicated questions and try to determine any violation of 
monotonicity in terms of the desirabilities. Secondly, we compare the self-explicated 
responses to the conjoint-based responses by deriving correlations between predicted 
shares based on self-explicated scores and conjoint scores that are actually given to the 
profiles in the survey. We explain these two approaches in detail as follows. 
 
1) Quality of self-explicated data.  
In assuring the quality of self-explicated data, we focus on the responses to the 
‘desirability’ questions. When asked how desirable an attribute level is, any rational 
individual is expected to give responses that obey monotonicity if the attribute levels 
have an obvious ordering. For example, for the attribute “monthly cost”, clearly $14.99 
should be more desirable than $19.99. If the self-explicated responses that are related to 
monotonic attributes do not reflect this obvious ordering, the survey responses and the 
derived partworths for this particular individual may not truly represent his or her utility 
or preference structure. Since self-explicated questions are the ‘easiest’ to answer because 
respondents are only asked to evaluate one attribute level at a time rather than a profile or 
a combination of attributes, the respondents should be able to make an ‘easy’ evaluation 
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especially when the attribute has some kind of monotonic preference across levels. 
Therefore, if the responses to these questions do not obey monotonicity, there is a very 
high possibility that the survey responses given by this particular individual are not 
reliable perhaps due to fatigue or information overload. An idea that we developed is to 
eliminate these individuals when analyzing the survey results. 
 
2) Compare to conjoint data 
In the second approach, we have to compare predicted shares generated by self-
explicated data and the actual scores that each individual gives to the profiles. Predicted 
scores are the utility for the corresponding profiles, indicating the individual’s preference 
for the particular profiles. We have to note here that ‘share’ is just a terminology that we 
use to indicate the relative preference for different profiles, and it does not reflect 
necessarily predicted market share.  
 
Following the calculation of predicted shares from self-explicated data, we derive 
correlations between conjoint scores and predicted shares. The predicted shares and 
conjoint scores should have positive correlation because they both describe the 
respondent’s preference for the corresponding profile.   From the distribution of the 
correlation coefficients of all the respondents, we can get a sense of how the consistency 
of the survey responses across the self explicated questions and conjoint-based questions. 
If many respondents have a negative correlation between predicted shares and actual 
conjoint scores, or with correlation coefficients that are less than 0.5 (perhaps), this may 
suggest that the data quality is not very good, assuming that the respondents answer the 
self-explicated questions rationally and truthfully. Individuals with negative correlation 
coefficients between predicted shares and conjoint scores may contribute to poor data 
quality and therefore inappropriate conclusions are drawn. Eliminating these individuals 
when analyzing the conjoint data may help improve the data quality. 
 
Conjoint-based Questions 
 
 For the conjoint-based questions, we have discovered three major types of 
inconsistencies after analyzing data inputs from the case study. First, the respondents may 
use different scales when giving responses, thereby influencing the results of conjoint 
analysis. Secondly, some respondents may answer questions with constant values 
throughout the entire survey or after some point in the survey. Thirdly, some respondents 
may give scores that correspond to the order of the profiles, e.g. increasing scores or 
decreasing scores.   
 
1) Different Scale 
In the conjoint section of the surveys, respondents are usually asked to rate a 
profile using a 0-100 rating scale. Some people may assign values that lie in the range 1-
10 to all of the profiles presented to them, and some people may assign values that lie in 
the range of 80-100 to all of the profiles. It could possibly be that the respondents are 
simply using different scales. If they are, it is definitely worthwhile to look into whether 
we can adjust the data so that every respondent is using similar scales. We would not 
suggest eliminating individuals with vastly different scales in their responses, because 
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there is no obvious way to determine whether the scores truly depict their preference 
levels.   
 
2) Constant values 
Some respondents may assign constant scores to the profiles in the conjoint-based 
section of the surveys, such as all scores of zero or all scores of 100. Some respondents 
may also assign constant scores after some point in the survey. This may suggest that the 
respondents are not carefully evaluating the profiles, perhaps due to fatigue or 
information overload. Therefore, this may influence the survey results because this has an 
impact on the derived partworths. An idea developed in this research is to look at the 
variability of the predicted shares generated by self-explicated data for these individuals 
who give constant scores for most or all of the profiles, by investigating the standard 
deviation of the predicted shares for each individual. If the conjoint scores are almost 
constant values, the standard deviation of conjoint scores for this particular individual is 
small. We then look at the standard deviation of the predicted shares for the individual. If 
this is also small, it means that the individual’s conjoint scores and predicted shares have 
comparable variability, and they are both almost constant. This suggests that the 
respondent’s answers are most probably representative of his or her true preferences. 
However, if the standard deviation of the predicted scores is high, it means that the 
individual’s conjoint scores and predicted shares have different variability, and the 
predicted scores are not constant. There is a high possibility that the responses for the 
particular individuals do not reflect what they truly prefer. Therefore, we suggest 
eliminating these individuals during the analysis. 
 
3) Scores increasing or decreasing in order of profiles   
While the profiles are presented to the respondents in random order, sometimes 
the respondents may give increasing scores or decreasing scores to these profiles. For 
example, the respondent may give 10 to profile 1, 20 to profile 2, 30 to profile 3… etc. 
Similar to the two previous types of inconsistencies, it is not easy to determine whether 
the respondent’s partworth estimates that are based on the conjoint data are accurate. 
However, we can compare the actual scores of these individuals to their predicted shares. 
Once again, if the predicted shares correlate with the actual scores, it suggests that the 
actual scores truly represent the respondents’ utility structures. If the predicted shares do 
not correlate with the actual scores, it may mean that the conjoint data is not accurate and 
truthful. We suggest eliminating these individuals in generating survey results because 
they do not contribute to meaningful conclusions.  
 
We summarize the types of inconsistencies of data inputs in Figure 3 below. 
 
Figure 3   Types of Inconsistencies of Data Inputs 
 
Self-Explicated Data
 
Conjoint Data
1. Quality of self-explicated data: 
Violations of monotonicity for 
“desirabilities” type of responses 
1. Different scale 
Negative correlations between 
predicted shares generated by self-
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2. Compare to conjoint data: 
Negative correlations between 
predicted shares generated by self-
explicated data and the actual 
scores that each individual gives to 
the corresponding profiles 
explicated data and the actual 
scores that each individual gives to 
the corresponding profiles 
2. Constant scores 
High variability or standard 
deviation of predicted scores for 
the individual (i.e. the predicted 
scores are not constant)  
3. Scores increasing or decreasing in 
the order of the profiles 
Negative correlations between 
predicted shares generated by self-
explicated data and the actual 
scores that each individual gives to 
the corresponding profiles 
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Case study 
Survey 
In the T-Mobile case study, a subset of 90 profiles and a ‘base case’ profile with 
attributes which describe the actual product offering that T-mobile proposed were 
prepared. Each respondent had to answer three types of questions: 
1) Demographics 
The first part of the survey was administered to all respondents and consisted of a 
set of qualifying questions, involving such background aspects as current 
occupation, age and current use of a mobile phone provider. These responses are 
used for market segmentation purposes. 
 
3) Self-explicated 
 
 This part consists of ‘desirabilities’ and ‘importances’ questions. 
 
4) Conjoint-based questions 
 
Each respondent was presented the ‘base case’ profile as well as nine other 
different profiles, and was asked to give a score to each profile on a rating scale of 
0-100 one at a time  
(A copy of the survey appears in APPENDIX A) 
 
Data collected from the surveys were then processed using the ACA software to 
infer buyer’s partworths for all of the attribute levels. ACA software has the option of 
using hierarchical Bayes technique to analyze the data, in order to obtain partworth 
estimates at the individual level. The consultants then entered the partworths into buyer 
choice simulators to generate predicted shares, which are indications of how buyers will 
choose among products and services.  
 
Issues 
 
As discussed in an earlier section, a more careful look into the original survey 
data showed that some respondents gave scores which seemed very inconsistent. T-
Mobile managers concluded that the results generated by the conjoint exercise were not 
credible. To uncover the inconsistencies of the data inputs, we follow the ideas outlined 
in the previous section, and identify several types of inconsistencies. We eliminate the 
individuals with these inconsistencies when we generate a new set of partworth estimates. 
We explain this procedure in great detail as follows. 
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Self- explicated : Quality of self-explicated ‘desirability’ data 
There are violations of monotonicity in the ‘desirability’ type of responses. We 
focused on two particular attributes “anytime minutes” and “monthly cost” because they 
are clearly monotonic.  
1) The number of individuals with non-monotonic desirability scores in “anytime 
minutes” is 94. 
2) The number of individuals with non-monotonic desirability scores in “monthly cost” is 
58.  
3) Among them, 26 individuals have non-monotonic desirability scores in both attributes.  
We eliminated all of the individuals who showed an inconsistency in their stated 
desirability in either “anytime minutes” or “monthly cost”. 
Self- explicated : Correlation between conjoint scores and self-explicated predicted 
scores 
 Many individuals have very weak correlation between their predicted scores and 
actual scores. Figure 4 below indicates the distribution of individuals with various levels 
of correlation.   
Figure 4    Correlation between conjoint score and self-explicated predicted score 
CORRELATION between 
Conjoint score and SE predicted score
less than 0 69
0 to 0.25 91
0.25 to 0.5 169
0.5-0.75 260
0.75-1 118
TOTAL 707  
We eliminated the 69 individuals with negative or zero correlation between 
conjoint score and self explicated predicted score.  
Conjoint : Different scales 
 A handful of people also appear to be using different scales during their 
evaluation of the profiles, because the actual scores they assign to all of the profiles fall 
in the range of 1-10 or 80-100. We questioned whether these scores truly depict the 
preference levels of the individuals. However, after we checked the scores with the self- 
explicated predicted scores, no obvious inconsistency can be identified. If they were 
simply using different scales, it would be worthwhile to look further at how we can adjust 
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the data. One suggestion would be to investigate the self-explicated data of the particular 
individuals relative to those of other respondents. Some kinds of adjustment could then 
be derived from the difference in scale, if any.  
Conjoint : Constant scores 
 Nine individuals assigned constant scores to all of the profiles. However, their 
predicted scores derived from self-explicated data do not show similar trends, i.e. the 
predicted scores have high variability or standard deviation. This shows that the actual 
scores may not truthfully represent the respondents’ utilities. So we also eliminated these 
individuals in the derivation of a new set of partworth estimates. 
Conjoint : Scores increasing or decreasing in the order of the profiles 
 Among the 707 respondents, several individuals assigned scores to profiles in an 
increasing or decreasing order. For example, the scores increased from 10 to 100 with an 
equal interval of 10 as the survey progresses. We checked these scores against the 
respective self-explicated predicted scores for these individuals.  In the case study, 
individual 143 has an almost upward trend in his or her actual scores, as shown in Figure 
5 below. However, his or her predicted scores do not show similar trends, and there is 
very little correlation between the two sets of scores. For individual 122, there is very 
high correlation between the scores, while there is an obvious upward trend in the first 
few profiles. 
Figure 5   Scores increasing or decreasing in the order of the profiles    
 
Overall, however, no obvious inconsistency was found. If we follow the idea of 
investigating correlation between actual scores and predicted scores, most if not all of the 
individuals who have increasing or decreasing scores that do not reflect their true 
preference structures would have been captured in the ‘little or no correlation’ category. 
These individuals should be excluded from our analysis as well. Since we have already 
eliminated the ‘no correlation’ category earlier, we do not eliminate further.  
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Overall results 
 
 In total, 184 individuals demonstrated some or all of the types of inconsistencies 
in their survey responses. We eliminated all of these individuals and derived a new set of 
partworth estimates by performing regression analysis. There are three approaches in 
determining partworth estimates: 
1) Regression at the aggregate level 
2) Regression at the individual level 
3) Hierarchical Bayes modeling 
We will look at three attributes –anytime minutes, monthly cost and night minute. 
 
Anytime Minutes 
Figure 6 indicates the partworths for “anytime minutes” derived using three 
different approaches. 
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Figure 6   Partworths for "anytime minutes" 
Note:  Level [1] to [10] corresponds to following levels of anytime minutes 
respectively: Unlimited; 3000; 2000; 1200; 1000; 600; 300; 100; 60; Flat rate. 
Partworths derived at the aggregate level 
BEFORE  eliminating individuals AFTER  eliminating individuals
Anytime Minutes[1] 0.082756808 Anytime Minutes[1] 0.096430522
Anytime Minutes[2] 0.066101676 Anytime Minutes[2] 0.062658597
Anytime Minutes[3] 0.049377302 Anytime Minutes[3] 0.059034873
Anytime Minutes[4] 0.02647287 Anytime Minutes[4] 0.02702612
Anytime Minutes[5] 0.02537381 Anytime Minutes[5] 0.03501062
Anytime Minutes[6] 0.031673296 Anytime Minutes[6] 0.045068276
Anytime Minutes[7] -0.027751919 Anytime Minutes[7] -0.03174331
Anytime Minutes[8] -0.064185352 Anytime Minutes[8] -0.074577419
Anytime Minutes[9] -0.095167268 Anytime Minutes[9] -0.113295903
Anytime Minutes[10] -0.094651223 Anytime Minutes[10] -0.105612376   
Partworths derived at the individual level 
AFTER eliminating individualsBEFORE eliminating individuals
Anytime Minutes[1] 0.089997612
Anytime Minutes[2] 0.065901513
Anytime Minutes[3] 0.046294873
Anytime Minutes[4] 0.031805629
Anytime Minutes[5] 0.037008929
Anytime Minutes[6] 0.015459572
Anytime Minutes[7] -0.024292883
Anytime Minutes[8] -0.062611925
Anytime Minutes[9] -0.100370636
Anytime Minutes[10] -0.099192684
Anytime Minutes[1] 0.087473705
Anytime Minutes[2] 0.064785552
Anytime Minutes[3] 0.045919887
Anytime Minutes[4] 0.026613093
Anytime Minutes[5] 0.033534254
Anytime Minutes[6] 0.036451987
Anytime Minutes[7] -0.028752306
Anytime Minutes[8] -0.064870384
Anytime Minutes[9] -0.098909502
Anytime Minutes[10] -0.102246285  
 
Partworths derived using hierarchical Bayes modeling 
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BEFORE  eliminating individuals
Anytime Minutes[1] 3.953592433
Anytime Minutes[2] 2.571626832
Anytime Minutes[3] 1.653835409
Anytime Minutes[4] 3.051582504
Anytime Minutes[5] 3.198216747
Anytime Minutes[6] 3.964159915
Anytime Minutes[7] -1.417687327
Anytime Minutes[8] -1.557192182
Anytime Minutes[9] -2.241839634
Anytime Minutes[10] 0  
It is obvious that the partworths should be strictly decreasing if all the survey 
responses are rational, because more anytime minutes is preferred to fewer anytime 
minutes.  
• At the aggregate level, the partworth estimates remain similar, and the violation of 
monotonicity at level [6] is not corrected. 
• There are two noteworthy changes in the partworths at the individual level: 
1)  In the old set of partworths, level [6], however, has higher partworth than 
level [5], indicating a violation of monotonicity. After we eliminated the 
individuals with inconsistent survey data, we performed the regression 
analysis again and now level [6] has lower partworth when compared to level 
[5]. This demonstrates a correction of violation of monotonicity and shows 
that it can be a method to improve data quality of conjoint analysis by 
eliminating individuals with inconsistent survey data.  
2) Though level [4] still has partworth lower than level [5], the difference 
between the partworths decreases after eliminating the individuals. Before 
elimination, the difference between partworths for level [4] and level [5] is 
0.036451987 – 0.033534254 = 0.006921. After elimination, the difference 
becomes 0.037008929 – 0.031805629 = 0.0052033. Hence, the elimination 
improves the degree to which monotonicity is violated. 
 
3)  Level [10] has partworth higher than level [9] after elimination. Since level 
[10] refers to ‘flat rate’ instead of number of anytime minutes, it should not be 
included in the monotonic trend. The higher partworth at level [10] therefore 
does not suggest a violation of monotonicity.  
 
• Using hierarchical Bayes modeling, the average partworths (these are coefficients 
in a regression and hence are scaled differently from the other partworths) 
obtained do not obey monotonicity. This procedure provides partworths at the 
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individual level. Virtually all individuals violated monotonicity. Note that 
hierarchical Bayes modeling was not performed on the data after eliminating 
individuals because the nature of the technique would require the entire analysis 
to be redone. 
 
 
Monthly Cost 
Next we investigate the partworths of the attribute ‘monthly cost’ that we focused 
on while eliminating individuals. Figure 7 indicates the partworths for  “monthly cost”. 
Figure 7   Partworths for “monthly cost” 
Note:  Level [1] to [7] corresponds to following levels of monthly cost respectively: 
$14.99; $19.99; $29.99; $39.99; $49.99; $69.99; $99.99. 
 
Partworths derived at the aggregate level 
BEFORE  eliminating individuals AFTER  eliminating individuals
Monthly Cost[1] 0.117215172 Monthly Cost[1] 0.116768361
Monthly Cost[2] 0.093883455 Monthly Cost[2] 0.108314676
Monthly Cost[3] 0.041297856 Monthly Cost[3] 0.03684466
Monthly Cost[4] 0.032852324 Monthly Cost[4] 0.039684296
Monthly Cost[5] -0.044020593 Monthly Cost[5] -0.04575674
Monthly Cost[6] -0.084112043 Monthly Cost[6] -0.088519491
Monthly Cost[7] -0.157116171 Monthly Cost[7] -0.16733576  
 
Partworths derived at the individual level 
BEFORE  eliminating individuals AFTER  eliminating individuals
Monthly Cost[1] 0.118299414 Monthly Cost[1] 0.121872406
Monthly Cost[2] 0.093841697 Monthly Cost[2] 0.091989571
Monthly Cost[3] 0.049209077 Monthly Cost[3] 0.05201613
Monthly Cost[4] 0.028950442 Monthly Cost[4] 0.011559867
Monthly Cost[5] -0.042763253 Monthly Cost[5] -0.040989453
Monthly Cost[6] -0.089239741 Monthly Cost[6] -0.085243045
Monthly Cost[7] -0.158297635 Monthly Cost[7] -0.151205476  
 
Partworths derived using hierarchical Bayes modeling 
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BEFORE  eliminating individuals
Monthly Cost[1] 7.277059943
Monthly Cost[2] 5.142552588
Monthly Cost[3] 2.902066987
Monthly Cost[4] 4.435396054
Monthly Cost[5] -0.87530582
Monthly Cost[6] -1.725461533
Monthly Cost[7] 0  
It is obvious that the partworths should be strictly decreasing if all the survey 
responses are rational, because lower cost should be preferred to higher cost.  
• At the aggregate level, the partworths obtained after eliminating individuals 
demonstrate violation of monotonicity. Level [4] now has a partworth higher than 
level [3]. This may suggest that elimination of individuals works better for 
partworth estimates at the individual level rather than at the aggregate level. 
• At the individual level, the partworths before elimination are similar to the 
partworths after elimination. Eliminating individuals does not change the 
monoticity trend. 
 
• Using hierarchical Bayes modeling, the average partworths obtained do not obey 
monotonicity. 
 
Night Minutes 
We also investigate other attributes such as ‘night minutes’, which is a monotonic 
attribute. Figure 8 indicates the partworths for  “night minutes”. 
Figure 8   Partworths for “night minutes” 
Note:  Level [1] to [7] corresponds to following levels of night minutes respectively: 
Unlimited; 5000; 3000; 1000; None. 
 
Partworths derived at the aggregate level 
BEFORE  eliminating individuals AFTER  eliminating individuals
Night Minutes[1] 0.018449628 Night Minutes[1] 0.017203728
Night Minutes[2] 0.031666173 Night Minutes[2] 0.027121375
Night Minutes[3] 0.021190652 Night Minutes[3] 0.026960804
Night Minutes[4] 0.015081455 Night Minutes[4] 0.024103048
Night Minutes[5] -0.086387908 Night Minutes[5] -0.095388954  
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Partworths derived at the individual level 
BEFORE  eliminating individuals AFTER  eliminating individuals
Night Minutes[1] 0.018724967 Night Minutes[1] 0.008603164
Night Minutes[2] 0.027783971 Night Minutes[2] 0.026377515
Night Minutes[3] 0.021358047 Night Minutes[3] 0.021636873
Night Minutes[4] 0.018531202 Night Minutes[4] 0.023898529
Night Minutes[5] -0.086398187 Night Minutes[5] -0.080516081  
 
Partworths derived using hierarchical Bayes modeling 
BEFORE  eliminating individuals
Night Minutes[1] 5.121523604
Night Minutes[2] 2.615769388
Night Minutes[3] 3.246985823
Night Minutes[4] 2.88785054
Night Minutes[5] 0  
 
 
 Apparently the partworths should be strictly decreasing if all the survey responses 
are rational, because more night minutes should be preferred to fewer night minutes given 
the same price.  
 
• At the aggregate level, the trend of the partworth estimates is not altered by the 
elimination of individuals with inconsistent results. There is a violation of 
monotonicity perhaps because of a misunderstanding of the term “unlimited”. 
This effect appears also in the partworth estimates at the individual level.  
 
• At the individual level, we see a violation of monotonicity after eliminating 
individuals, because Level [4] now has a partworth higher than that of level [3]. In 
fact, the partworths before elimination are nominally better than the partworths 
after. We only considered eliminating individuals with inconsistent survey 
responses, we focused only on the two attributes – anytime minutes and monthly 
cost. This suggests that we need to consider all attributes that should logically be 
monotonic. So, we recommend that when we perform the procedure of 
eliminating individuals, we should investigate the self-explicated ‘desirability’ 
scores for all monotonic attributes. In this way, the results would be more 
consistent and data quality could be improved. 
 
• Using hierarchical Bayes modeling, the average partworths obtained do not obey 
monotonicity. Interestingly, ‘unlimited night minutes’ is now more preferable. It 
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is possible to run hierarchical Bayes and retain draws only if they satisfy 
monotonicity. 
 
Share simulator 
 
 We also derived a new set of predicted shares using several different methods. We 
then compare this new set of predicted shares to the old set of predicted shares generated 
before elimination of individuals with inconsistent data. To demonstrate the difference 
this elimination made, we selected the base case and 5 other profiles in the comparison. 
The specifics of these six profiles are listed in Figure 9. 
 
Figure 9   Profiles selected for partworths comparison 
Attribute
Card Provider
Anytime 
Minutes
Night 
Minutes
Weekend 
Minutes
Geographic 
Coverage
Mobile to 
Mobile Minutes
Rollover 
Minutes Contract
Price of 
Handset
Monthly 
Cost
Overage 
Cost
0 T-Mobile 600 Unlimited Unlimited Nationwide None No 1 Year Free $39.99 40 Cents
10 Nextel 2000 1000 1000
Multi-
state+Long 
Distance Unlimited No None Free $14.99 20 Cents
13 Cingular 3000 1000 1000 Multi-state 1000 No 2 Years $50 $29.99 40 Cents
25 Verizon 600 1000 3000 Multi-state Unlimited Yes None $25 $14.99 30 Cents
31 Sprint 2000 Unlimited 5000 Metro area None Yes 1 Year Free $29.99 50 Cents
65 AT&T 60 1000 3000 Nationwide 500 Yes None $50 $14.99 10 Cents  
 
There are several ways to generate predicted shares. Firstly, we can perform 
regression analysis on the aggregate level on the conjoint data to obtain the partworths, 
with the assumption that all individuals have similar preference structure. So there is only 
one intercept in the regression and this intercept applies to all individuals. Then the 
predicted shares are obtained as a function of partworths (eUi / 1+ eUi  ) where Ui refers to 
utitlity or sum of partworths for the product). Secondly, we can obtain predicted shares 
by performing regression on the individual level on the conjoint data, so that each 
individual has his or her own intercept. This is assuming that individuals do not share 
similar preference scales. Thirdly, we can calculate predicted shares using self-explicated 
data, which we described in a previous section. Lastly, we can also derive predicted 
shares using a hierarchical Bayes technique, which can significantly improve upon 
traditional aggregate models for conjoint analysis if there is heterogeneity among 
individuals. It is because hierarchical bayes modeling allows estimation of individual-
level models, enabling marketers to more accurately model individuals. 
 
We obtained predicted share using the above technique for the six profiles. Figure 
10 demonstrates predicted shares generated before eliminating individuals who shared 
inconsistent results, and Figure 11 demonstrates predicted shares obtained after 
eliminating these individuals. 
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Figure 10  Predicted shares generated before eliminating individuals 
Market share
Aggregate level Individual level
Profile conjoint predicted values self-explicated predicted scores Hierarchical Bayes
0 0.620610405 0.619403501 0.649304893 0.621325443
10 0.659960513 0.641491989 0.662481318 0.641801307
13 0.607969649 0.588830168 0.623609308 0.573427629
25 0.647652988 0.649624318 0.671144141 0.650461848
31 0.610625601 0.612952703 0.653194843 0.601527807
65 0.614033102 0.622604939 0.659145264 0.617093128  
Figure 11  Predicted shares generated after eliminating individuals 
Market share
Aggregate level Individual level
Profile conjoint predicted values self-explicated predicted scores
0 0.595051344 0.627884216 0.649953763
10 0.66380513 0.647478412 0.668192026
13 0.613393706 0.596287386 0.63123312
25 0.650485257 0.654445339 0.674635019
31 0.608756523 0.608087478 0.653757624
65 0.618352478 0.628119001 0.661251717  
 Note that hierarchical Bayes was not performed on the data after eliminating 
individuals because the nature of the technique would require the entire analysis to be 
redone. Also, these predicted shares are just estimates, and there are certain confidence 
intervals for these shares. However we did not include error and confidence intervals 
because it is not traditionally done. 
 We can see from the predicted shares listed above that there are differences 
between the values obtained. Though the differences on the percentage of these predicted 
shares seem small, 1% difference actually refers to a large sum of money. The differences 
in predicted shares shown above imply hundreds of millions of dollars. If we assume 
there are 50 million families in the U.S. who subscribe to mobile phone plans, and the 
average amount each family spend each month is about $40, the yearly expense on 
mobile phone plans would be approximately 24 billion dollars. 1% difference in the 
predicted shares above actually refers to a difference of 240 million dollars. Therefore, 
we can see that eliminating individuals has a high impact on the survey results and 
predicted shares, which in turn have high impact on managerial decisions. This 
emphasizes that we have to check the quality of the data inputs seriously in order not to 
affect managerial decisions adversely.  
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Areas for future research 
 
 
Conjoint analysis has undergone 30 years of growth and application, however 
relatively few efforts have been spent on the investigation and development of techniques 
for data quality control. As conjoint analysis continues to advance, we can expect to see 
further research and development on several areas of the data control aspect of the 
technique:  
1) In this research we only looked at one method where respondents 
give one score to one profile at a time, and each profile has only one 
supplier. We can therefore expect further investigation into different 
methods of data collection and the impact on quality of data if 
different methods such as choice, ranking, or constant sum were 
used.  
 
2) Besides, in this research, the T-mobile data fixed all other suppliers 
and only considered one supplier at a time. Many studies involve 
changing all suppliers and asking for choice or rankings while 
presenting to respondents profiles that consist of multiple suppliers 
each.  
 
3) We have seen that incorporating self-explicated data collection in a 
conjoint-based study may be useful when we want to control data 
quality. It would be important to further investigate how we can 
better integrate self-explicated questions into conjoint exercises 
without it becoming too taxing on the respondent.  
 
4) Generally managers tend to include many attributes and many 
levels in the design of a conjoint-based survey, e.g. more than 20 
attributes. Perhaps these companies should limit the number of 
attributes and levels in order to focus on key attributes. Further 
research can be performed to find the optimal number of attributes 
and levels and its impact on quality of data and decisions.  
 
5) Also, there exists survey methods where only subsets of attributes 
with overlap are presented to different respondents of the surveys. 
This may help improve data quality. We can look into the 
possibility of extending this into conjoint analysis. 
 
It is clear that a lot of work could be done to develop techniques for data quality 
control in conjoint-based studies. We can definitely expect conjoint methodology and its 
data quality control aspect continue to grow.  
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Conclusion 
 
 As we can see in the T-Mobile case study, the impact of data quality control in 
conjoint-based analysis is very high, and it usually affects managerial decisions that 
involve hundreds of millions of dollars. It is therefore important for us to look into the 
data inputs before blindly performing statistical analyses on the data. 
 
 There are several recommendations we propose to companies and consulting 
firms when they perform conjoint analysis on their product offerings. Firstly, we 
recommend using self-explicated data, which can be used to check against the conjoint 
data. Usually self-explicated data is not collected in a conjoint-based survey, but using 
such questions can help determine whether the survey data is consistent. Secondly, we 
recommend eliminating individuals who appear to be inaccurate or inconsistent for 
attributes that should logically be monotonic. This will have a high impact on the survey 
results and can help enforce stronger ordering in the partworth estimates of monotonic 
attributes at the individual level, as demonstrated in our case study.  This suggests that 
the results are more reliable without these individuals. 
 
 Finally, much more work is needed on the data quality control aspect of conjoint 
analysis. We showed that it is important to data clean before running conjoint data 
through canned software, and it should be emphasized that improving data quality can 
significantly improve the results of conjoint analysis. We hope that this would motivate 
companies and consulting firms to investigate the data inputs carefully before performing 
conjoint analysis. 
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Appendix A  
Respondent Background Data and Interest in Mobile Telephone Calling Plans 
Dear Respondent: 
As you probably know, there are many companies that currently offer various kinds of 
mobile (or wireless) telephone calling plans. Each of these plans describes a set of 
features that may or may not appeal to you. By a mobile telephone, we mean a 
portable phone that you can carry with you or use in your car. We do not mean a 
portable home phone that is connected to your telephone lines. 
We have a few questions to ask you before proceeding with the main interview. 
1. Do you currently work for a telephone company, 
advertising firm, or 
professional marketing research organization? 
□   Yes [TERMINATE] 
□    No 
2. What is your age? 
□ Under 18 [TERMINATE] 
□ 18-24 
□ 25-34 
□ 35-44 
□ 45-49 
□ 50 or older [TERMINATE] 
3. Do you currently use a mobile or wireless phone? That is, a portable 
phone or 
a phone that is installed in a vehicle - but not a cordless phone 
connected to 
your home telephone line? 
□ Yes 
□ No [GO TO Question 5] 
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4.   How likely are you to switch wireless carriers within the next 12 months? 
 
□ Very likely  
□ Somewhat likely  
□ Neither likely nor unlikely  
□ Somewhat unlikely 
□ Very unlikely 
[TERMINATE] 
5.   How likely are you to sign up for a new wireless service within the 
next 6 months? 
 
□ Very likely  
□ Somewhat likely  
□ Neither likely nor unlikely  
□ Somewhat unlikely 
□ Very unlikely 
[TERMINATE] 
6.   If you were to subscribe to a new calling plan, are you primarily 
interested in a single (individual) plan or a family plan? 
□   Single plan [GO TO SINGLE PLAN QUESTIONNAIRE]  
□  Family plan [GO TO FAMILY PLAN QUESTIONNAIRE] 
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Appendix B 
Glossary of Terms 
CARD A 
To help you follow the questionnaire sections, please refer to Card A. This card 
provides a detailed description of each of the calling plan features that appear in the 
study. If at any time, you're unclear about the meaning of any of the questions, please 
consult the Glossary for definitions. 
• Name of company: Provider of the wireless plan. 
• Number of anytime minutes: Number of monthly minutes covered by your 
plan that can be used at any time. (In some cases, plans have zero anytime 
minutes - offering, instead, a "cents per minute" pricing.) 
• Night minutes: Number of monthly minutes covered during the evening only, 
typically from 9 p.m. to 7 a.m. All night minutes are additional minutes that 
do not count against anytime minutes. 
• Weekend minutes: Number of monthly minutes covered during weekends. All 
weekend minutes are additional minutes that do not count against anytime 
minutes. 
• The geographic areas that you can access: These include 
        o State and free roaming within state 
o State with free roaming plus nationwide long distance 
o Regional, including free roaming within region 
o Regional, including free roaming within region and nationwide long distance 
o Nationwide, including free nationwide roaming and long distance 
• Mobile to mobile minutes: The number of monthly free minutes on calls 
placed to another mobile phone served by the same provider (you and the 
person you call must have the same provider). 
• Rollover minutes availability: Whether (or not) unused minutes in a given 
month can be rolled over for use in the next month. 
• Contract: Availability and length of contract. 
• Additional lines above two: The number of additional lines (above two) that 
you wish to include) 
• Price per month of additional lines: Cost of each additional line over the 
base of two wireless phones. 
• Overage cost: [definition needed] 
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Appendix C 
Questionnaire - Consumer Preferences for Mobile Telephone Calling Plans 
Single Line Version 
PART I: SINGLE LINE CALLING PLAN FEATURES 
Most mobile calling plans entail a variety of features, illustrated by: 
• The name of the company and its reputation 
• The number of "anytime" minutes that you receive per month 
• The number of "night" minutes that you receive per month 
• The number of "weekend" minutes that you receive per month 
• The geographic areas that you can access 
• The number of mobile-to-mobile minutes that you receive per month 
• Rollover minutes availability 
• Contract characteristics 
• Handset price 
• Monthly cost of calling plan 
• Overage cost 
In responding to our questionnaire, we would first like you to consider each attribute, one at 
a time, in terms of that attribute's desirability to you. Please focus on just a single attribute, 
one at a time. (We'll discuss attributes as a collection, later on.) 
There are eleven such attributes in total. Please consider them one at a time.  
1. The Calling Plan Provider 
By calling plan provider, we mean the company that is offering the plan. Different 
companies offer different plan characteristics. In responding to this question, you'll be asked 
to rate each of the following suppliers regarding your perceptions of the quality of their 
offerings and their general reputation for customer service and reliability. 
 
 Completely  
Unacceptable 
  Highly 
Desirable 
 0 1 2 3 4 5 6 7 8 9 10 
T-Mobile □ □ □ □ □ □ □ □ □ □ □ 
Cingular □ □ □ □ □ □ □ □ □ □ □ 
Sprint □ □ □ □ □ □ □ □ □ □ □ 
AT&T □ □ □ □ □ □ □ □ □ □ □ 
Verizon □ □ □ □ □ □ □ □ □ □ □ 
Nextel □ □ □ □ □ □ □ □ □ □ □ 
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Using a scale of 0 to 10, where 0 means Completely Unacceptable and 10 means 
Highly Desirable, please rate the general quality and reputation of the six 
suppliers. 
2 . Anytime Minutes Availability 
 Completely 
Unacceptable 
  Highly 
Desirable
 0 1 2 3 4 5 6 7 8 9 10 
Unlimited □ □ □ □ □ □ □ □ □ □ □ 
3,000 □ □ □ □ □ □ □ □ □ □ □ 
2,000 □ □ □ □ □ □ □ □ □ □ □ 
1,200 □ □ □ □ □ □ □ □ □ □ □ 
1,000 □ □ □ □ □ □ □ □ □ □ □ 
600 □ □ □ □ □ □ □ □ □ □ □ 
300 □ □ □ □ □ □ □ □ □ □ □ 
100 □ □ □ □ □ □ □ □ □ □ □ 
60 □ □ □ □ □ □ □ □ □ □ □ 
Flat rate of 10 
cents/minute 
□ □ □ □ □ □ □ □ □ □ □ 
Using a scale of 0 to 10, where 0 means Completely Unacceptable and 10 means 
Highly Desirable, please rate your preference for anytime minutes availability. 
3. Night Minutes  
 Completely  
Unacceptable 
  Highly 
Desirable 
 0 1 2 3 4 5 6 7 8 9 10 
Unlimited □ □ □ □ □ □ □ □ □ □ □ 
5,000 □ □ □ □ □ □ □ □ □ □ □ 
3,000 □ □ □ □ □ □ □ □ □ □ □ 
1,000 □ □ □ □ □ □ □ □ □ □ □ 
None □ □ □ □ □ □ □ □ □ □ □ 
Using a scale of 0 to 10, where 0 means Completely Unacceptable and 10 means 
Highly Desirable, please rate your preference for night time minutes. 
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4. Weekend Minutes 
 Completely 
Unacceptable 
 Highly 
Desirable 
 0 1 2 3 4 5 6 7 8 9 10 
Unlimited □ □ □ □ □ □ □ □ □ □ □ 
5,000 □ □ □ □ □ □ □ □ □ □ □ 
3,000 □ □ □ □ □ □ □ □ □ □ □ 
1,000 □ □ □ □ □ □ □ □ □ □ □ 
None □ □ □ □ □ □ □ □ □ □ □ 
Using a scale of 0 to 10, where 0 means Completely Unacceptable and 10 means 
Highly Desirable, please rate your preference for weekend minutes. 
5. Geographic Coverage  
 Completely 
Unacceptable 
  Highly 
Desirable
 0 1 2 3 4 5 6 7 8 9 10 
Nationwide □ □ □ □ □ □ □ □ □ □ □ 
Regional/NLD □ □ □ □ □ □ □ □ □ □ □ 
State/NLD □ □ □ □ □ □ □ □ □ □ □ 
Regional □ □ □ □ □ □ □ □ □ □ □ 
State □ □ □ □ □ □ □ □ □ □ □ 
Using a scale of 0 to 10, where 0 means Completely Unacceptable and 10 means 
Highly Desirable, please rate your preference for geographic coverage. 
6. Mobile to Mobile Minutes  
 Completely 
Unacceptable 
  Highly 
Desirable
 0 1 2 3 4 5 6 7 8 9 10 
Unlimited □ □ □ □ □ □ □ □ □ □ □ 
5,000 □ □ □ □ □ □ □ □ □ □ □ 
1,000 □ □ □ □ □ □ □ □ □ □ □ 
500 □ □ □ □ □ □ □ □ □ □ □ 
No mobile to mobile □ □ □ □ □ □ □ □ □ □ □ 
Using a scale of 0 to 10, where 0 means Completely Unacceptable and 10 
means Highly Desirable, please rate your preference for mobile to mobile 
minutes. 
 38
7 . Rollover Minutes Availability 
 Completely 
Unacceptable 
  Highly 
Desirable
 0 1 2 3 4 5 6 7 8 9 10 
Yes □ □ □ □ □ □ □ □ □ □ □ 
No □ □ □ □ □ □ □ □ □ □ □ 
Using a scale of 0 to 10, where 0 means Completely Unacceptable and 10 means 
Highly Desirable, please rate your preference for rollover minutes availability. 
8. Contract  
 Completely 
Unacceptable 
  Highly 
Desirable
 0 1 2 3 4 5 6 7 8 9 10 
1 Year □ □ □ □ □ □ □ □ □ □ □ 
2 Years □ □ □ □ □ □ □ □ □ □ □ 
No contract at all □ □ □ □ □ □ □ □ □ □ □ 
Using a scale of 0 to 10, where 0 means Completely Unacceptable and 10 means 
Highly Desirable, please rate your preference for a contract. 
9. Price of Handset  
 Completely 
Unacceptable 
  Highly 
Desirable
 0 1 2 3 4 5 6 7 8 9 10 
Free □ □ □ □ □ □ □ □ □ □ □ 
$ 25 □ □ □ □ □ □ □ □ □ □ □ 
$ 50 □ □ □ □ □ □ □ □ □ □ □ 
$ 75 □ □ □ □ □ □ □ □ □ □ □ 
$100 □ □ □ □ □ □ □ □ □ □ □ 
Using a scale of 0 to 10, where 0 means Completely Unacceptable and 10 means 
Highly Desirable, please rate your preference for price of handset. 
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1 0. Monthly Cost of Calling Plan 
 Completely 
Unacceptable 
  Highly 
Desirable
 0 1 2 3 4 5 6 7 8 9 10 
$14.99 □ □ □ □ □ □ □ □ □ □ □ 
$19.99 □ □ □ □ □ □ □ □ □ □ □ 
$29.99 □ □ □ □ □ □ □ □ □ □ □ 
$39.99 □ □ □ □ □ □ □ □ □ □ □ 
$49.99 □ □ □ □ □ □ □ □ □ □ □ 
$69.99 □ □ □ □ □ □ □ □ □ □ □ 
$99.99 □ □ □ □ □ □ □ □ □ □ □ 
Using a scale of 0 to 10, where 0 means Completely Unacceptable and 10 means 
Highly Desirable, please rate your preference for monthly cost of the calling plan. 
11. Overage Cost  
 Completely 
Unacceptable 
  Highly 
Desirable 
 0 1 2 3 4 5 6 7 8 9 10 
10 cents □ □ □ □ □ □ □ □ □ □ □ 
20 cents □ □ □ □ □ □ □ □ □ □ □ 
30 cents □ □ □ □ □ □ □ □ □ □ □ 
40 cents □ □ □ □ □ □ □ □ □ □ □ 
50 cents □ □ □ □ □ □ □ □ □ □ □ 
Using a scale of 0 to 10, where 0 means Completely Unacceptable and 10 means Highly Desirable, 
please rate your preference for overage cost of the calling plan. 
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PART II. ATTRIBUTE IMPORTANCES 
Now that you have evaluated the attractiveness of each of the eleven attributes (one at a time) 
of the plan, we'd like to give you a second task, involving your view of the relative 
mportance to you of each of the eleven attributes. The attributes are shown as follows: i 
 Importance 
Rating 
Company name  
Number of anytime minutes/month  
Number of night minutes/month  
Number of weekend minutes/month  
Number of mobile-to-mobile minutes  
Geographical areas that can be accessed  
Whether rollover minutes are offered or not  
Type of contract  
Price of handset  
Monthly cost of basic calling plan  
Overage cost  
[Please make sure total sums to 100] 100 
First, look over each of the eleven attributes. You may find that one or more of them has 
no importance at all to you. If so, put in a rating of zero. 
You may allocate the 100 points in any way you wish. Of course, the higher the number, 
the more important the attribute. 
At the end, please check to see that the point sum totals 100. 
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PART III. OTHER FEATURES AND SERVICES 
O ther mobile phone features may also be of value to you. 
 No importance at all Very important
 0 1 2 3 4 5 6 7 8 9 10 
Value of Walkie-Talkie 
handset availability 
□ □ □ □ □ □ □ □ □ □ □ 
Value of text 
messaging availability 
□ □ □ □ □ □ □ □ □ □ □ 
Value of camera 
phone availability 
□ □ □ □ □ □ □ □ □ □ □ 
Value of videophone 
availability 
□ □ □ □ □ □ □ □ □ □ □ 
Using a scale of 0 to 10, where 0 means No importance at all and 10 means Very 
important, please rate the importance to you of each of the four preceding features. 
PART IV. EVALUATING ALTERNATIVE MOBILE PHONE CALLING PLANS 
At this point you have already responded to: 
• Rating each aspect of a mobile calling attribute on a 0-10 desirability scale, and 
• Rating each of the 11 attributes (e.g., company name, number of anytime 
minutes/month) on a 0 to 100 point importance rating. 
At this point we would like to put these preliminary steps together. 
We will show you a total of _____plans that will vary on: 
• The name of the company and its reputation 
• The number of "anytime" minutes that you receive per month 
• The number of "night" minutes that you receive per month 
• The number of "weekend" minutes that you receive per month 
• The geographic areas that you can access 
• The number of mobile-to-mobile minutes that you receive per month 
• Rollover minutes availability 
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• Contract characteristics 
• Handset price 
• Monthly cost of calling plan 
• Overage cost 
Each of the ____plans that we show you will vary in terms of the characteristics shown above. 
Your task is to rate each of the plans on a 0-100 rating scale in terms of their 
attractiveness to you. Each plan will be unique in terms of its characteristics. As such, 
you'll want to trade off various plan characteristics so as to choose the plan(s) that are 
most attractive to you. 
No two plans are exactly the same. For each plan that you see (there will be _________in total), 
please 
rate them on a 0-100 rating scale. 
0                                             100 
      Your rating of this plan 
Take your time in arrive at your rating of each of these calling plans. 
PART V. FURTHER QUESTIONS 
Finally, we have just a few questions to ask about you. 
1.   Who is your wireless/mobile carrier? (Select one answer.)  
AT&T □ 
Cingular □ 
Sprint □ 
Verizon □ 
T-Mobile □ 
Nextel □ 
Other □ 
Don't know □ 
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2. On average, how much do you pay each month for wireless/mobile service? (Select one 
answer.) 
Under $30 a month □ 
$31 to $40 a month □ 
$41 to $50 a month □ 
$51 to $60 a month □ 
$61 to $75 a month □ 
$76 to $100 a month □ 
$101 or more a month □ 
Don't know □ 
3 . On average, how many anytime minutes a month do you use? (Select one answer.) 
Less than 100 □ 
100 to 200 □ 
201 to 300 □ 
301 to 400 □ 
401 to 500 □ 
501 to 600 □ 
601 to 800 □ 
801 to 1000 □ 
1001 to 1500 □ 
Over 1500 □ 
Don’t know □ 
4.   What percentage of your outgoing calls are made when you are outside your local calling 
area - that is, when you are roaming? 
___ % Please enter a number between 0 and 100. Enter NR if you have no response. 
5. What percentage of your outgoing calls is long distance? 
___ % Please enter a number between 0 and 100. Enter NR if you have no response. 
6. What percentage of your wireless calls are for business? 
                       % Please enter a number between 0 and 100. Enter NR if you have no response. 
 44
7.   Please check the statement below that best describes the highest level of 
education you have completed. 
Less than high school graduate □ 
High school graduate □ 
Some college □ 
Trade, technical, or vocational school □ 
College graduate □ 
Post-graduate work or degree □ 
Prefer not to answer □ 
8.   Please check the statement below that includes your household's total annual income. 
Less than $25,000 □ 
$25,000 to less than $50,000 □ 
$50,000 to less than $75,000 □ 
$75,000 to less than $100,000 □ 
$100,000 to less than $150,000 □ 
$150,000 or more □ 
Prefer not to answer □ 
 
9.   Are you ... 
Male □ 
Female □ 
 
10. Do you consider yourself to be of Hispanic origin? 
 
Yes □ 
No □
Prefer not to answer □ 
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11. Which of the following categories best describes your race? 
 
White □
Black/African American □
Asian/Asian American/Pacific Islander □
Native American □
Hispanic □ 
Other □
Prefer not to answer □
Thank you for your cooperation! 
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APPENDIX D – Data Sheets 
1. Attributes and Attribute levels 
1. Provider (6 levels):  
1) T-Mobile;  
2) Cingular;  
3) Sprint;  
4) AT&T;  
5) Verizon;  
6) Nextel 
2. Anytime Minutes (10 levels):  
1) Unlimited;  
2) 3000;  
3) 2000;  
4) 1200;  
5) 1000;  
6) 600;  
7) 300;  
8) 100;  
9) 60;  
10) Flat rate 
3. Night Minutes (5 levels): 
1) Unlimited;  
2) 5000;  
3) 3000;  
4) 1000;  
5) None 
4. Weekend Minutes (5 levels): 
1) Unlimited;  
2) 5000;  
3) 3000;  
4) 1000;  
5) None 
5. Geographic Coverage (5 levels) : 
1) Nationwide;  
2) Multi-state+Long Distance;  
3) Multi-state;  
4) Metro are+Long Distance;  
5) Metro area 
6. Mobile to Mobile Minutes (5 levels): 
1) Unlimited;  
2) 5000;  
3) 1000;  
4) 500;  
5) None 
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7. Rollover Minutes (2 levels): 
1) Yes;  
2) No 
8. Contract (3 levels): 
1) None;  
2) 1 Year;  
3) 2 Years 
9. Price of Handset (5 levels): 
1) Free;  
2) $25;  
3) $50; 
4) $75;  
5) $100 
10. Monthly Cost (7 levels): 
1) $14.99;  
2) $19.99;  
3) $29.99;  
4) $39.99;  
5) $49.99;  
6) $69.99;  
7) $99.99 
11. Overage Cost (5 levels): 
1) 10 Cents;  
2) 20 Cents;  
3) 30 Cents;  
4) 40 Cents;  
5) 50 Cents 
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2. Designs for card profiles (note: the number refers to the attribute levels that 
describe the corresponding card. There are 90 cards in total.) 
Attribute
Card 1 2 3 4 5 6 7 8 9 10
0 1 6 1 1 1 5 2 2 1 4 4
1 4 1 2 4 5 1 2 1 5 4 1
2 5 9 5 2 5 3 1 2 3 1 4
3 2 2 4 2 4 1 1 2 1 5 3
4 4 3 5 5 2 4 2 3 3 6 5
5 3 5 2 1 3 4 1 2 1 1 2
6 6 4 4 3 4 2 2 3 2 3 5
7 5 10 1 1 3 5 2 1 3 2
8 3 6 1 5 1 2 2 3 4 7 2
9 1 7 3 3 1 5 1 1 5 3 4
10 6 3 4 4 2 1 2 1 1 1
11 4 7 1 2 3 2 2 3 3 5
12 5 4 5 5 1 5 2 2 1 4
13 2 2 4 4 3 3 2 3 3 3
14 5 5 4 2 2 4 1 3 5 3
15 6 6 5 3 4 4 1 2 4 2
16 3 8 3 1 5 1 2 2 4 7
17 1 1 1 3 4 3 1 1 2 6
18 2 9 2 5 2 2 1 1 5 7
19 3 10 2 4 5 5 1 3 4 6 4
20 6 9 2 5 4 4 2 2 5 3
21 2 1 5 4 1 5 2 3 3 6
22 5 7 1 5 2 1 2 1 1 2
23 1 4 1 2 2 4 1 1 3 7
24 2 5 3 2 1 2 2 2 2 4
25 5 6 4 3 3 1 1 1 2 1
26 4 8 4 4 3 3 1 2 1 2
27 3 3 5 1 4 3 2 3 5 5
28 4 10 3 2 4 3 2 3 2 7 4
29 5 9 4 1 3 2 2 2 4 6
30 1 5 3 4 2 2 1 2 3 5
31 3 3 1 2 5 5 1 2 1 3
32 2 6 3 5 3 5 1 1 5 5
33 2 7 2 4 1 4 2 3 2 1
34 6 2 1 1 5 4 2 1 4 4
35 4 2 5 2 1 1 2 2 5 6
36 3 8 2 3 4 2 1 1 3 4
37 4 5 5 5 4 1 2 1 4 1
38 1 9 1 4 5 1 1 3 2 4
39 3 1 4 5 5 5 1 2 2 5
40 2 3 3 3 3 4 1 1 1 7
41 4 10 5 1 5 2 1 1 1 3 3
42 5 2 2 3 3 5 2 3 3 7
43 6 8 1 2 2 5 2 2 5 1
44 3 7 3 1 2 3 1 3 4 6
45 1 4 4 1 1 3 2 3 5 2
46 1 8 4 5 5 4 2 1 2 6
47 2 7 5 1 3 3 1 2 2 4
48 5 2 3 3 5 4 2 3 3 5
49 3 4 3 4 4 2 2 1 5 1
50 6 6 2 4 1 1 1 2 3 3
51 6 10 1 5 1 3 1 2 2 1 1
52 3 9 3 3 1 1 2 3 1 2
53 1 5 4 1 4 5 2 1 4 5
54 4 1 2 2 2 2 1 3 4 2
55 5 7 2 3 5 3 2 1 1 5
56 1 3 2 5 3 2 2 2 3 2
57 6 4 3 2 3 1 1 1 1 6
58 2 8 1 1 4 1 1 3 3 3
59 6 5 5 3 2 5 1 3 2 7
60 4 6 1 4 5 3 2 2 5 7
11
3
2
5
3
4
1
4
1
2
5
3
1
4
5
2
3
5
1
2
3
5
1
3
5
4
1
5
4
5
4
1
2
3
2
3
5
2
4
2
5
4
3
2
4
1
3
4
3  
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Attribute
Card 1 2 3 4 5 6 7 8 9 10
61 5 10 4 4 1 4 1 3 5 4 5
62 3 1 5 2 3 4 2 1 2 3
63 1 2 3 5 2 5 1 2 4 1
64 6 1 3 5 2 3 2 3 1 4
65 4 9 4 3 1 4 1 1 3 1
66 2 8 5 2 5 5 1 3 5 2
67 6 2 1 1 1 2 1 1 5 6
68 1 7 5 4 4 4 2 2 1 7
69 1 4 2 5 3 1 1 3 4 3
70 3 6 4 2 2 3 2 1 3 4
71 5 3 1 4 4 2 1 2 2 6
72 2 10 2 3 2 1 2 2 4 5 5
73 4 9 3 1 2 5 2 1 2 3
74 4 8 1 5 1 4 1 3 1 5
75 3 2 5 4 2 2 1 1 2 2
76 1 10 5 3 3 2 2 2 5 4 3
77 1 6 2 2 4 5 2 3 1 6
78 6 7 4 5 5 1 1 2 3 7
79 5 1 3 1 4 1 1 3 5 1
80 2 4 1 3 5 3 2 2 4 2
81 5 3 2 2 1 3 1 1 4 7
82 5 8 3 4 1 3 2 1 4 3
83 4 4 2 1 2 4 1 2 2 5
84 1 6 5 1 5 2 1 3 1 1
85 6 9 5 4 3 5 1 1 4 5
86 2 1 4 1 1 2 2 2 1 7
87 3 5 1 3 3 1 2 2 5 6
88 6 5 2 2 5 3 2 3 2 2
89 4 3 4 3 4 5 1 3 4 4
90 2 10 3 5 4 4 1 1 3 2 2
11
2
1
3
1
2
5
1
2
4
1
1
4
2
5
2
5
1
3
5
4
1
3
4
3
1
2
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3.  Card assignment 
Individual Card Number
1 2 3 4 5 6 7 8 9
1 64 65 66 67 68 69 70 71 72 0
2 28 29 30 31 32 33 34 35 36 0
3 1 2 3 4 5 6 7 8 9 0
4 82 83 84 85 86 87 88 89 90 0
5 46 47 48 49 50 51 52 53 54 0
6 46 47 48 49 50 51 52 53 54 0
7 46 47 48 49 50 51 52 53 54 0
8 10 11 12 13 14 15 16 17 18 0
9 37 38 39 40 41 42 43 44 45 0
10 28 29 30 31 32 33 34 35 36 0
11 46 47 48 49 50 51 52 53 54 0
12 28 29 30 31 32 33 34 35 36 0
13 64 65 66 67 68 69 70 71 72 0
14 64 65 66 67 68 69 70 71 72 0
15 64 65 66 67 68 69 70 71 72 0
16 37 38 39 40 41 42 43 44 45 0
17 55 56 57 58 59 60 61 62 63 0
18 28 29 30 31 32 33 34 35 36 0
19 10 11 12 13 14 15 16 17 18 0
20 28 29 30 31 32 33 34 35 36 0
21 82 83 84 85 86 87 88 89 90 0
22 1 2 3 4 5 6 7 8 9 0
23 37 38 39 40 41 42 43 44 45 0
24 28 29 30 31 32 33 34 35 36 0
25 1 2 3 4 5 6 7 8 9 0
26 64 65 66 67 68 69 70 71 72 0
27 55 56 57 58 59 60 61 62 63 0
28 10 11 12 13 14 15 16 17 18 0
29 64 65 66 67 68 69 70 71 72 0
30 73 74 75 76 77 78 79 80 81 0
31 1 2 3 4 5 6 7 8 9 0
32 37 38 39 40 41 42 43 44 45 0
33 46 47 48 49 50 51 52 53 54 0
34 1 2 3 4 5 6 7 8 9 0
35 37 38 39 40 41 42 43 44 45 0
36 73 74 75 76 77 78 79 80 81 0
37 28 29 30 31 32 33 34 35 36 0
38 82 83 84 85 86 87 88 89 90 0
39 82 83 84 85 86 87 88 89 90 0
40 82 83 84 85 86 87 88 89 90 0
41 82 83 84 85 86 87 88 89 90 0
42 46 47 48 49 50 51 52 53 54 0
43 19 20 21 22 23 24 25 26 27 0
44 64 65 66 67 68 69 70 71 72 0
45 82 83 84 85 86 87 88 89 90 0
46 37 38 39 40 41 42 43 44 45 0
47 55 56 57 58 59 60 61 62 63 0
48 64 65 66 67 68 69 70 71 72 0
49 64 65 66 67 68 69 70 71 72 0
50 82 83 84 85 86 87 88 89 90 0
51 1 2 3 4 5 6 7 8 9 0
52 64 65 66 67 68 69 70 71 72 0
53 37 38 39 40 41 42 43 44 45 0
54 1 2 3 4 5 6 7 8 9 0
55 1 2 3 4 5 6 7 8 9 0
56 73 74 75 76 77 78 79 80 81 0
57 46 47 48 49 50 51 52 53 54 0
58 19 20 21 22 23 24 25 26 27 0
59 73 74 75 76 77 78 79 80 81 0
60 28 29 30 31 32 33 34 35 36 0
61 1 2 3 4 5 6 7 8 9 0
62 10 11 12 13 14 15 16 17 18 0
63 37 38 39 40 41 42 43 44 45 0
64 82 83 84 85 86 87 88 89 90 0
65 64 65 66 67 68 69 70 71 72 0
66 37 38 39 40 41 42 43 44 45 0
67 10 11 12 13 14 15 16 17 18 0
68 10 11 12 13 14 15 16 17 18 0
69 46 47 48 49 50 51 52 53 54 0
70 73 74 75 76 77 78 79 80 81 0
71 37 38 39 40 41 42 43 44 45 0
72 64 65 66 67 68 69 70 71 72 0
73 73 74 75 76 77 78 79 80 81 0
74 82 83 84 85 86 87 88 89 90 0
75 28 29 30 31 32 33 34 35 36 0
76 55 56 57 58 59 60 61 62 63 0
77 46 47 48 49 50 51 52 53 54 0
78 10 11 12 13 14 15 16 17 18 0
79 64 65 66 67 68 69 70 71 72 0
80 28 29 30 31 32 33 34 35 36 0
10
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81 37 38 39 40 41 42 43 44 45 0
82 37 38 39 40 41 42 43 44 45 0
83 82 83 84 85 86 87 88 89 90 0
84 55 56 57 58 59 60 61 62 63 0
85 82 83 84 85 86 87 88 89 90 0
86 64 65 66 67 68 69 70 71 72 0
87 82 83 84 85 86 87 88 89 90 0
88 1 2 3 4 5 6 7 8 9 0
89 1 2 3 4 5 6 7 8 9 0
90 73 74 75 76 77 78 79 80 81 0
91 19 20 21 22 23 24 25 26 27 0
92 19 20 21 22 23 24 25 26 27 0
93 1 2 3 4 5 6 7 8 9 0
94 46 47 48 49 50 51 52 53 54 0
95 64 65 66 67 68 69 70 71 72 0
96 46 47 48 49 50 51 52 53 54 0
97 28 29 30 31 32 33 34 35 36 0
98 28 29 30 31 32 33 34 35 36 0
99 55 56 57 58 59 60 61 62 63 0
100 28 29 30 31 32 33 34 35 36 0
101 64 65 66 67 68 69 70 71 72 0
102 46 47 48 49 50 51 52 53 54 0
103 73 74 75 76 77 78 79 80 81 0
104 28 29 30 31 32 33 34 35 36 0
105 82 83 84 85 86 87 88 89 90 0
106 55 56 57 58 59 60 61 62 63 0
107 1 2 3 4 5 6 7 8 9 0
108 10 11 12 13 14 15 16 17 18 0
109 46 47 48 49 50 51 52 53 54 0
110 82 83 84 85 86 87 88 89 90 0
111 19 20 21 22 23 24 25 26 27 0
112 64 65 66 67 68 69 70 71 72 0
113 19 20 21 22 23 24 25 26 27 0
114 37 38 39 40 41 42 43 44 45 0
115 73 74 75 76 77 78 79 80 81 0
116 64 65 66 67 68 69 70 71 72 0
117 46 47 48 49 50 51 52 53 54 0
118 55 56 57 58 59 60 61 62 63 0
119 73 74 75 76 77 78 79 80 81 0
120 55 56 57 58 59 60 61 62 63 0
121 64 65 66 67 68 69 70 71 72 0
122 19 20 21 22 23 24 25 26 27 0
123 73 74 75 76 77 78 79 80 81 0
124 46 47 48 49 50 51 52 53 54 0
125 10 11 12 13 14 15 16 17 18 0
126 10 11 12 13 14 15 16 17 18 0
127 28 29 30 31 32 33 34 35 36 0
128 19 20 21 22 23 24 25 26 27 0
129 55 56 57 58 59 60 61 62 63 0
130 46 47 48 49 50 51 52 53 54 0
131 64 65 66 67 68 69 70 71 72 0
132 64 65 66 67 68 69 70 71 72 0
133 82 83 84 85 86 87 88 89 90 0
134 73 74 75 76 77 78 79 80 81 0
135 73 74 75 76 77 78 79 80 81 0
136 19 20 21 22 23 24 25 26 27 0
137 55 56 57 58 59 60 61 62 63 0
138 1 2 3 4 5 6 7 8 9 0
139 37 38 39 40 41 42 43 44 45 0
140 1 2 3 4 5 6 7 8 9 0
141 19 20 21 22 23 24 25 26 27 0
142 19 20 21 22 23 24 25 26 27 0
143 37 38 39 40 41 42 43 44 45 0
144 10 11 12 13 14 15 16 17 18 0
145 1 2 3 4 5 6 7 8 9 0
146 64 65 66 67 68 69 70 71 72 0
147 82 83 84 85 86 87 88 89 90 0
148 19 20 21 22 23 24 25 26 27 0
149 1 2 3 4 5 6 7 8 9 0
150 28 29 30 31 32 33 34 35 36 0
151 19 20 21 22 23 24 25 26 27 0
152 82 83 84 85 86 87 88 89 90 0
153 1 2 3 4 5 6 7 8 9 0
154 64 65 66 67 68 69 70 71 72 0
155 46 47 48 49 50 51 52 53 54 0
156 28 29 30 31 32 33 34 35 36 0
157 28 29 30 31 32 33 34 35 36 0
158 46 47 48 49 50 51 52 53 54 0
159 37 38 39 40 41 42 43 44 45 0
160 82 83 84 85 86 87 88 89 90 0
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161 1 2 3 4 5 6 7 8 9 0
162 19 20 21 22 23 24 25 26 27 0
163 46 47 48 49 50 51 52 53 54 0
164 19 20 21 22 23 24 25 26 27 0
165 37 38 39 40 41 42 43 44 45 0
166 46 47 48 49 50 51 52 53 54 0
167 19 20 21 22 23 24 25 26 27 0
168 28 29 30 31 32 33 34 35 36 0
169 73 74 75 76 77 78 79 80 81 0
170 73 74 75 76 77 78 79 80 81 0
171 55 56 57 58 59 60 61 62 63 0
172 82 83 84 85 86 87 88 89 90 0
173 46 47 48 49 50 51 52 53 54 0
174 28 29 30 31 32 33 34 35 36 0
175 1 2 3 4 5 6 7 8 9 0
176 28 29 30 31 32 33 34 35 36 0
177 73 74 75 76 77 78 79 80 81 0
178 19 20 21 22 23 24 25 26 27 0
179 28 29 30 31 32 33 34 35 36 0
180 64 65 66 67 68 69 70 71 72 0
181 73 74 75 76 77 78 79 80 81 0
182 19 20 21 22 23 24 25 26 27 0
183 37 38 39 40 41 42 43 44 45 0
184 10 11 12 13 14 15 16 17 18 0
185 73 74 75 76 77 78 79 80 81 0
186 55 56 57 58 59 60 61 62 63 0
187 37 38 39 40 41 42 43 44 45 0
188 10 11 12 13 14 15 16 17 18 0
189 10 11 12 13 14 15 16 17 18 0
190 19 20 21 22 23 24 25 26 27 0
191 46 47 48 49 50 51 52 53 54 0
192 28 29 30 31 32 33 34 35 36 0
193 10 11 12 13 14 15 16 17 18 0
194 82 83 84 85 86 87 88 89 90 0
195 55 56 57 58 59 60 61 62 63 0
196 10 11 12 13 14 15 16 17 18 0
197 82 83 84 85 86 87 88 89 90 0
198 28 29 30 31 32 33 34 35 36 0
199 64 65 66 67 68 69 70 71 72 0
200 19 20 21 22 23 24 25 26 27 0
201 55 56 57 58 59 60 61 62 63 0
202 55 56 57 58 59 60 61 62 63 0
203 82 83 84 85 86 87 88 89 90 0
204 1 2 3 4 5 6 7 8 9 0
205 19 20 21 22 23 24 25 26 27 0
206 64 65 66 67 68 69 70 71 72 0
207 28 29 30 31 32 33 34 35 36 0
208 46 47 48 49 50 51 52 53 54 0
209 46 47 48 49 50 51 52 53 54 0
210 73 74 75 76 77 78 79 80 81 0
211 10 11 12 13 14 15 16 17 18 0
212 82 83 84 85 86 87 88 89 90 0
213 82 83 84 85 86 87 88 89 90 0
214 73 74 75 76 77 78 79 80 81 0
215 10 11 12 13 14 15 16 17 18 0
216 55 56 57 58 59 60 61 62 63 0
217 37 38 39 40 41 42 43 44 45 0
218 28 29 30 31 32 33 34 35 36 0
219 64 65 66 67 68 69 70 71 72 0
220 46 47 48 49 50 51 52 53 54 0
221 55 56 57 58 59 60 61 62 63 0
222 64 65 66 67 68 69 70 71 72 0
223 28 29 30 31 32 33 34 35 36 0
224 28 29 30 31 32 33 34 35 36 0
225 55 56 57 58 59 60 61 62 63 0
226 10 11 12 13 14 15 16 17 18 0
227 37 38 39 40 41 42 43 44 45 0
228 1 2 3 4 5 6 7 8 9 0
229 82 83 84 85 86 87 88 89 90 0
230 1 2 3 4 5 6 7 8 9 0
231 64 65 66 67 68 69 70 71 72 0
232 46 47 48 49 50 51 52 53 54 0
233 82 83 84 85 86 87 88 89 90 0
234 55 56 57 58 59 60 61 62 63 0
235 73 74 75 76 77 78 79 80 81 0
236 10 11 12 13 14 15 16 17 18 0
237 10 11 12 13 14 15 16 17 18 0
238 64 65 66 67 68 69 70 71 72 0
239 82 83 84 85 86 87 88 89 90 0
240 28 29 30 31 32 33 34 35 36 0
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241 64 65 66 67 68 69 70 71 72 0
242 19 20 21 22 23 24 25 26 27 0
243 46 47 48 49 50 51 52 53 54 0
244 82 83 84 85 86 87 88 89 90 0
245 46 47 48 49 50 51 52 53 54 0
246 64 65 66 67 68 69 70 71 72 0
247 55 56 57 58 59 60 61 62 63 0
248 73 74 75 76 77 78 79 80 81 0
249 64 65 66 67 68 69 70 71 72 0
250 82 83 84 85 86 87 88 89 90 0
251 82 83 84 85 86 87 88 89 90 0
252 82 83 84 85 86 87 88 89 90 0
253 1 2 3 4 5 6 7 8 9 0
254 1 2 3 4 5 6 7 8 9 0
255 82 83 84 85 86 87 88 89 90 0
256 19 20 21 22 23 24 25 26 27 0
257 55 56 57 58 59 60 61 62 63 0
258 1 2 3 4 5 6 7 8 9 0
259 55 56 57 58 59 60 61 62 63 0
260 82 83 84 85 86 87 88 89 90 0
261 82 83 84 85 86 87 88 89 90 0
262 55 56 57 58 59 60 61 62 63 0
263 46 47 48 49 50 51 52 53 54 0
264 10 11 12 13 14 15 16 17 18 0
265 19 20 21 22 23 24 25 26 27 0
266 55 56 57 58 59 60 61 62 63 0
267 19 20 21 22 23 24 25 26 27 0
268 55 56 57 58 59 60 61 62 63 0
269 37 38 39 40 41 42 43 44 45 0
270 19 20 21 22 23 24 25 26 27 0
271 64 65 66 67 68 69 70 71 72 0
272 46 47 48 49 50 51 52 53 54 0
273 19 20 21 22 23 24 25 26 27 0
274 28 29 30 31 32 33 34 35 36 0
275 37 38 39 40 41 42 43 44 45 0
276 10 11 12 13 14 15 16 17 18 0
277 82 83 84 85 86 87 88 89 90 0
278 46 47 48 49 50 51 52 53 54 0
279 64 65 66 67 68 69 70 71 72 0
280 82 83 84 85 86 87 88 89 90 0
281 73 74 75 76 77 78 79 80 81 0
282 1 2 3 4 5 6 7 8 9 0
283 28 29 30 31 32 33 34 35 36 0
284 46 47 48 49 50 51 52 53 54 0
285 37 38 39 40 41 42 43 44 45 0
286 73 74 75 76 77 78 79 80 81 0
287 64 65 66 67 68 69 70 71 72 0
288 82 83 84 85 86 87 88 89 90 0
289 19 20 21 22 23 24 25 26 27 0
290 46 47 48 49 50 51 52 53 54 0
291 73 74 75 76 77 78 79 80 81 0
292 19 20 21 22 23 24 25 26 27 0
293 64 65 66 67 68 69 70 71 72 0
294 64 65 66 67 68 69 70 71 72 0
295 64 65 66 67 68 69 70 71 72 0
296 46 47 48 49 50 51 52 53 54 0
297 46 47 48 49 50 51 52 53 54 0
298 73 74 75 76 77 78 79 80 81 0
299 28 29 30 31 32 33 34 35 36 0
300 55 56 57 58 59 60 61 62 63 0
301 28 29 30 31 32 33 34 35 36 0
302 73 74 75 76 77 78 79 80 81 0
303 55 56 57 58 59 60 61 62 63 0
304 64 65 66 67 68 69 70 71 72 0
305 46 47 48 49 50 51 52 53 54 0
306 19 20 21 22 23 24 25 26 27 0
307 82 83 84 85 86 87 88 89 90 0
308 28 29 30 31 32 33 34 35 36 0
309 64 65 66 67 68 69 70 71 72 0
310 55 56 57 58 59 60 61 62 63 0
311 19 20 21 22 23 24 25 26 27 0
312 46 47 48 49 50 51 52 53 54 0
313 28 29 30 31 32 33 34 35 36 0
314 28 29 30 31 32 33 34 35 36 0
315 64 65 66 67 68 69 70 71 72 0
316 46 47 48 49 50 51 52 53 54 0
317 73 74 75 76 77 78 79 80 81 0
318 64 65 66 67 68 69 70 71 72 0
319 55 56 57 58 59 60 61 62 63 0
320 1 2 3 4 5 6 7 8 9 0
10
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321 55 56 57 58 59 60 61 62 63 0
322 46 47 48 49 50 51 52 53 54 0
323 64 65 66 67 68 69 70 71 72 0
324 82 83 84 85 86 87 88 89 90 0
325 1 2 3 4 5 6 7 8 9 0
326 73 74 75 76 77 78 79 80 81 0
327 46 47 48 49 50 51 52 53 54 0
328 19 20 21 22 23 24 25 26 27 0
329 73 74 75 76 77 78 79 80 81 0
330 73 74 75 76 77 78 79 80 81 0
331 46 47 48 49 50 51 52 53 54 0
332 28 29 30 31 32 33 34 35 36 0
333 73 74 75 76 77 78 79 80 81 0
334 19 20 21 22 23 24 25 26 27 0
335 1 2 3 4 5 6 7 8 9 0
336 19 20 21 22 23 24 25 26 27 0
337 10 11 12 13 14 15 16 17 18 0
338 37 38 39 40 41 42 43 44 45 0
339 1 2 3 4 5 6 7 8 9 0
340 10 11 12 13 14 15 16 17 18 0
341 28 29 30 31 32 33 34 35 36 0
342 28 29 30 31 32 33 34 35 36 0
343 1 2 3 4 5 6 7 8 9 0
344 19 20 21 22 23 24 25 26 27 0
345 19 20 21 22 23 24 25 26 27 0
346 73 74 75 76 77 78 79 80 81 0
347 82 83 84 85 86 87 88 89 90 0
348 55 56 57 58 59 60 61 62 63 0
349 19 20 21 22 23 24 25 26 27 0
350 64 65 66 67 68 69 70 71 72 0
351 1 2 3 4 5 6 7 8 9 0
352 46 47 48 49 50 51 52 53 54 0
353 82 83 84 85 86 87 88 89 90 0
354 55 56 57 58 59 60 61 62 63 0
355 19 20 21 22 23 24 25 26 27 0
356 82 83 84 85 86 87 88 89 90 0
357 73 74 75 76 77 78 79 80 81 0
358 10 11 12 13 14 15 16 17 18 0
359 10 11 12 13 14 15 16 17 18 0
360 82 83 84 85 86 87 88 89 90 0
361 46 47 48 49 50 51 52 53 54 0
362 46 47 48 49 50 51 52 53 54 0
363 37 38 39 40 41 42 43 44 45 0
364 55 56 57 58 59 60 61 62 63 0
365 37 38 39 40 41 42 43 44 45 0
366 1 2 3 4 5 6 7 8 9 0
367 1 2 3 4 5 6 7 8 9 0
368 55 56 57 58 59 60 61 62 63 0
369 73 74 75 76 77 78 79 80 81 0
370 37 38 39 40 41 42 43 44 45 0
371 73 74 75 76 77 78 79 80 81 0
372 10 11 12 13 14 15 16 17 18 0
373 1 2 3 4 5 6 7 8 9 0
374 37 38 39 40 41 42 43 44 45 0
375 19 20 21 22 23 24 25 26 27 0
376 55 56 57 58 59 60 61 62 63 0
377 10 11 12 13 14 15 16 17 18 0
378 64 65 66 67 68 69 70 71 72 0
379 19 20 21 22 23 24 25 26 27 0
380 82 83 84 85 86 87 88 89 90 0
381 64 65 66 67 68 69 70 71 72 0
382 46 47 48 49 50 51 52 53 54 0
383 1 2 3 4 5 6 7 8 9 0
384 64 65 66 67 68 69 70 71 72 0
385 1 2 3 4 5 6 7 8 9 0
386 28 29 30 31 32 33 34 35 36 0
387 10 11 12 13 14 15 16 17 18 0
388 37 38 39 40 41 42 43 44 45 0
389 37 38 39 40 41 42 43 44 45 0
390 73 74 75 76 77 78 79 80 81 0
391 19 20 21 22 23 24 25 26 27 0
392 64 65 66 67 68 69 70 71 72 0
393 46 47 48 49 50 51 52 53 54 0
394 10 11 12 13 14 15 16 17 18 0
395 73 74 75 76 77 78 79 80 81 0
396 64 65 66 67 68 69 70 71 72 0
397 1 2 3 4 5 6 7 8 9 0
398 64 65 66 67 68 69 70 71 72 0
399 64 65 66 67 68 69 70 71 72 0
400 1 2 3 4 5 6 7 8 9 0
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401 46 47 48 49 50 51 52 53 54 0
402 19 20 21 22 23 24 25 26 27 0
403 55 56 57 58 59 60 61 62 63 0
404 19 20 21 22 23 24 25 26 27 0
405 73 74 75 76 77 78 79 80 81 0
406 10 11 12 13 14 15 16 17 18 0
407 10 11 12 13 14 15 16 17 18 0
408 64 65 66 67 68 69 70 71 72 0
409 37 38 39 40 41 42 43 44 45 0
410 82 83 84 85 86 87 88 89 90 0
411 46 47 48 49 50 51 52 53 54 0
412 82 83 84 85 86 87 88 89 90 0
413 10 11 12 13 14 15 16 17 18 0
414 28 29 30 31 32 33 34 35 36 0
415 73 74 75 76 77 78 79 80 81 0
416 1 2 3 4 5 6 7 8 9 0
417 1 2 3 4 5 6 7 8 9 0
418 10 11 12 13 14 15 16 17 18 0
419 82 83 84 85 86 87 88 89 90 0
420 55 56 57 58 59 60 61 62 63 0
421 37 38 39 40 41 42 43 44 45 0
422 1 2 3 4 5 6 7 8 9 0
423 37 38 39 40 41 42 43 44 45 0
424 19 20 21 22 23 24 25 26 27 0
425 46 47 48 49 50 51 52 53 54 0
426 28 29 30 31 32 33 34 35 36 0
427 28 29 30 31 32 33 34 35 36 0
428 82 83 84 85 86 87 88 89 90 0
429 73 74 75 76 77 78 79 80 81 0
430 73 74 75 76 77 78 79 80 81 0
431 73 74 75 76 77 78 79 80 81 0
432 1 2 3 4 5 6 7 8 9 0
433 82 83 84 85 86 87 88 89 90 0
434 10 11 12 13 14 15 16 17 18 0
435 55 56 57 58 59 60 61 62 63 0
436 73 74 75 76 77 78 79 80 81 0
437 55 56 57 58 59 60 61 62 63 0
438 28 29 30 31 32 33 34 35 36 0
439 1 2 3 4 5 6 7 8 9 0
440 55 56 57 58 59 60 61 62 63 0
441 1 2 3 4 5 6 7 8 9 0
442 82 83 84 85 86 87 88 89 90 0
443 1 2 3 4 5 6 7 8 9 0
444 19 20 21 22 23 24 25 26 27 0
445 73 74 75 76 77 78 79 80 81 0
446 10 11 12 13 14 15 16 17 18 0
447 64 65 66 67 68 69 70 71 72 0
448 37 38 39 40 41 42 43 44 45 0
449 46 47 48 49 50 51 52 53 54 0
450 46 47 48 49 50 51 52 53 54 0
451 19 20 21 22 23 24 25 26 27 0
452 10 11 12 13 14 15 16 17 18 0
453 82 83 84 85 86 87 88 89 90 0
454 82 83 84 85 86 87 88 89 90 0
455 19 20 21 22 23 24 25 26 27 0
456 28 29 30 31 32 33 34 35 36 0
457 37 38 39 40 41 42 43 44 45 0
458 82 83 84 85 86 87 88 89 90 0
459 55 56 57 58 59 60 61 62 63 0
460 28 29 30 31 32 33 34 35 36 0
461 82 83 84 85 86 87 88 89 90 0
462 46 47 48 49 50 51 52 53 54 0
463 37 38 39 40 41 42 43 44 45 0
464 37 38 39 40 41 42 43 44 45 0
465 73 74 75 76 77 78 79 80 81 0
466 19 20 21 22 23 24 25 26 27 0
467 10 11 12 13 14 15 16 17 18 0
468 37 38 39 40 41 42 43 44 45 0
469 82 83 84 85 86 87 88 89 90 0
470 55 56 57 58 59 60 61 62 63 0
471 82 83 84 85 86 87 88 89 90 0
472 64 65 66 67 68 69 70 71 72 0
473 19 20 21 22 23 24 25 26 27 0
474 1 2 3 4 5 6 7 8 9 0
475 82 83 84 85 86 87 88 89 90 0
476 55 56 57 58 59 60 61 62 63 0
477 55 56 57 58 59 60 61 62 63 0
478 37 38 39 40 41 42 43 44 45 0
479 37 38 39 40 41 42 43 44 45 0
480 46 47 48 49 50 51 52 53 54 0
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481 64 65 66 67 68 69 70 71 72 0
482 82 83 84 85 86 87 88 89 90 0
483 64 65 66 67 68 69 70 71 72 0
484 64 65 66 67 68 69 70 71 72 0
485 1 2 3 4 5 6 7 8 9 0
486 19 20 21 22 23 24 25 26 27 0
487 64 65 66 67 68 69 70 71 72 0
488 64 65 66 67 68 69 70 71 72 0
489 46 47 48 49 50 51 52 53 54 0
490 19 20 21 22 23 24 25 26 27 0
491 82 83 84 85 86 87 88 89 90 0
492 19 20 21 22 23 24 25 26 27 0
493 73 74 75 76 77 78 79 80 81 0
494 37 38 39 40 41 42 43 44 45 0
495 82 83 84 85 86 87 88 89 90 0
496 82 83 84 85 86 87 88 89 90 0
497 37 38 39 40 41 42 43 44 45 0
498 28 29 30 31 32 33 34 35 36 0
499 28 29 30 31 32 33 34 35 36 0
500 82 83 84 85 86 87 88 89 90 0
501 10 11 12 13 14 15 16 17 18 0
502 10 11 12 13 14 15 16 17 18 0
503 82 83 84 85 86 87 88 89 90 0
504 73 74 75 76 77 78 79 80 81 0
505 10 11 12 13 14 15 16 17 18 0
506 82 83 84 85 86 87 88 89 90 0
507 19 20 21 22 23 24 25 26 27 0
508 46 47 48 49 50 51 52 53 54 0
509 55 56 57 58 59 60 61 62 63 0
510 46 47 48 49 50 51 52 53 54 0
511 28 29 30 31 32 33 34 35 36 0
512 1 2 3 4 5 6 7 8 9 0
513 73 74 75 76 77 78 79 80 81 0
514 37 38 39 40 41 42 43 44 45 0
515 55 56 57 58 59 60 61 62 63 0
516 82 83 84 85 86 87 88 89 90 0
517 1 2 3 4 5 6 7 8 9 0
518 28 29 30 31 32 33 34 35 36 0
519 19 20 21 22 23 24 25 26 27 0
520 46 47 48 49 50 51 52 53 54 0
521 37 38 39 40 41 42 43 44 45 0
522 19 20 21 22 23 24 25 26 27 0
523 1 2 3 4 5 6 7 8 9 0
524 1 2 3 4 5 6 7 8 9 0
525 19 20 21 22 23 24 25 26 27 0
526 10 11 12 13 14 15 16 17 18 0
527 55 56 57 58 59 60 61 62 63 0
528 28 29 30 31 32 33 34 35 36 0
529 1 2 3 4 5 6 7 8 9 0
530 64 65 66 67 68 69 70 71 72 0
531 19 20 21 22 23 24 25 26 27 0
532 73 74 75 76 77 78 79 80 81 0
533 10 11 12 13 14 15 16 17 18 0
534 82 83 84 85 86 87 88 89 90 0
535 73 74 75 76 77 78 79 80 81 0
536 46 47 48 49 50 51 52 53 54 0
537 73 74 75 76 77 78 79 80 81 0
538 46 47 48 49 50 51 52 53 54 0
539 82 83 84 85 86 87 88 89 90 0
540 55 56 57 58 59 60 61 62 63 0
541 19 20 21 22 23 24 25 26 27 0
542 1 2 3 4 5 6 7 8 9 0
543 28 29 30 31 32 33 34 35 36 0
544 82 83 84 85 86 87 88 89 90 0
545 46 47 48 49 50 51 52 53 54 0
546 10 11 12 13 14 15 16 17 18 0
547 10 11 12 13 14 15 16 17 18 0
548 28 29 30 31 32 33 34 35 36 0
549 73 74 75 76 77 78 79 80 81 0
550 73 74 75 76 77 78 79 80 81 0
551 55 56 57 58 59 60 61 62 63 0
552 73 74 75 76 77 78 79 80 81 0
553 55 56 57 58 59 60 61 62 63 0
554 46 47 48 49 50 51 52 53 54 0
555 55 56 57 58 59 60 61 62 63 0
556 64 65 66 67 68 69 70 71 72 0
557 73 74 75 76 77 78 79 80 81 0
558 73 74 75 76 77 78 79 80 81 0
559 73 74 75 76 77 78 79 80 81 0
560 10 11 12 13 14 15 16 17 18 0
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561 37 38 39 40 41 42 43 44 45 0
562 19 20 21 22 23 24 25 26 27 0
563 28 29 30 31 32 33 34 35 36 0
564 73 74 75 76 77 78 79 80 81 0
565 19 20 21 22 23 24 25 26 27 0
566 10 11 12 13 14 15 16 17 18 0
567 28 29 30 31 32 33 34 35 36 0
568 55 56 57 58 59 60 61 62 63 0
569 1 2 3 4 5 6 7 8 9 0
570 10 11 12 13 14 15 16 17 18 0
571 10 11 12 13 14 15 16 17 18 0
572 64 65 66 67 68 69 70 71 72 0
573 37 38 39 40 41 42 43 44 45 0
574 82 83 84 85 86 87 88 89 90 0
575 55 56 57 58 59 60 61 62 63 0
576 64 65 66 67 68 69 70 71 72 0
577 1 2 3 4 5 6 7 8 9 0
578 46 47 48 49 50 51 52 53 54 0
579 82 83 84 85 86 87 88 89 90 0
580 73 74 75 76 77 78 79 80 81 0
581 37 38 39 40 41 42 43 44 45 0
582 10 11 12 13 14 15 16 17 18 0
583 28 29 30 31 32 33 34 35 36 0
584 19 20 21 22 23 24 25 26 27 0
585 19 20 21 22 23 24 25 26 27 0
586 19 20 21 22 23 24 25 26 27 0
587 46 47 48 49 50 51 52 53 54 0
588 64 65 66 67 68 69 70 71 72 0
589 55 56 57 58 59 60 61 62 63 0
590 28 29 30 31 32 33 34 35 36 0
591 1 2 3 4 5 6 7 8 9 0
592 73 74 75 76 77 78 79 80 81 0
593 46 47 48 49 50 51 52 53 54 0
594 46 47 48 49 50 51 52 53 54 0
595 37 38 39 40 41 42 43 44 45 0
596 19 20 21 22 23 24 25 26 27 0
597 37 38 39 40 41 42 43 44 45 0
598 55 56 57 58 59 60 61 62 63 0
599 37 38 39 40 41 42 43 44 45 0
600 82 83 84 85 86 87 88 89 90 0
601 73 74 75 76 77 78 79 80 81 0
602 73 74 75 76 77 78 79 80 81 0
603 73 74 75 76 77 78 79 80 81 0
604 55 56 57 58 59 60 61 62 63 0
605 64 65 66 67 68 69 70 71 72 0
606 19 20 21 22 23 24 25 26 27 0
607 82 83 84 85 86 87 88 89 90 0
608 19 20 21 22 23 24 25 26 27 0
609 55 56 57 58 59 60 61 62 63 0
610 55 56 57 58 59 60 61 62 63 0
611 55 56 57 58 59 60 61 62 63 0
612 10 11 12 13 14 15 16 17 18 0
613 64 65 66 67 68 69 70 71 72 0
614 1 2 3 4 5 6 7 8 9 0
615 55 56 57 58 59 60 61 62 63 0
616 82 83 84 85 86 87 88 89 90 0
617 10 11 12 13 14 15 16 17 18 0
618 64 65 66 67 68 69 70 71 72 0
619 55 56 57 58 59 60 61 62 63 0
620 73 74 75 76 77 78 79 80 81 0
621 55 56 57 58 59 60 61 62 63 0
622 73 74 75 76 77 78 79 80 81 0
623 1 2 3 4 5 6 7 8 9 0
624 82 83 84 85 86 87 88 89 90 0
625 10 11 12 13 14 15 16 17 18 0
626 46 47 48 49 50 51 52 53 54 0
627 82 83 84 85 86 87 88 89 90 0
628 10 11 12 13 14 15 16 17 18 0
629 73 74 75 76 77 78 79 80 81 0
630 82 83 84 85 86 87 88 89 90 0
631 19 20 21 22 23 24 25 26 27 0
632 1 2 3 4 5 6 7 8 9 0
633 73 74 75 76 77 78 79 80 81 0
634 55 56 57 58 59 60 61 62 63 0
635 82 83 84 85 86 87 88 89 90 0
636 64 65 66 67 68 69 70 71 72 0
637 10 11 12 13 14 15 16 17 18 0
638 37 38 39 40 41 42 43 44 45 0
639 28 29 30 31 32 33 34 35 36 0
640 73 74 75 76 77 78 79 80 81 0
10
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641 55 56 57 58 59 60 61 62 63 0
642 19 20 21 22 23 24 25 26 27 0
643 82 83 84 85 86 87 88 89 90 0
644 55 56 57 58 59 60 61 62 63 0
645 46 47 48 49 50 51 52 53 54 0
646 82 83 84 85 86 87 88 89 90 0
647 37 38 39 40 41 42 43 44 45 0
648 10 11 12 13 14 15 16 17 18 0
649 19 20 21 22 23 24 25 26 27 0
650 73 74 75 76 77 78 79 80 81 0
651 1 2 3 4 5 6 7 8 9
652 73 74 75 76 77 78 79 80 81 0
653 10 11 12 13 14 15 16 17 18 0
654 46 47 48 49 50 51 52 53 54 0
655 10 11 12 13 14 15 16 17 18 0
656 46 47 48 49 50 51 52 53 54 0
657 55 56 57 58 59 60 61 62 63 0
658 64 65 66 67 68 69 70 71 72 0
659 46 47 48 49 50 51 52 53 54 0
660 64 65 66 67 68 69 70 71 72 0
661 37 38 39 40 41 42 43 44 45 0
662 10 11 12 13 14 15 16 17 18 0
663 28 29 30 31 32 33 34 35 36 0
664 82 83 84 85 86 87 88 89 90 0
665 73 74 75 76 77 78 79 80 81 0
666 73 74 75 76 77 78 79 80 81 0
667 46 47 48 49 50 51 52 53 54 0
668 19 20 21 22 23 24 25 26 27 0
669 19 20 21 22 23 24 25 26 27 0
670 64 65 66 67 68 69 70 71 72 0
671 10 11 12 13 14 15 16 17 18 0
672 64 65 66 67 68 69 70 71 72 0
673 28 29 30 31 32 33 34 35 36 0
674 64 65 66 67 68 69 70 71 72 0
675 73 74 75 76 77 78 79 80 81 0
676 1 2 3 4 5 6 7 8 9
677 64 65 66 67 68 69 70 71 72 0
678 1 2 3 4 5 6 7 8 9
679 28 29 30 31 32 33 34 35 36 0
680 10 11 12 13 14 15 16 17 18 0
681 73 74 75 76 77 78 79 80 81 0
682 19 20 21 22 23 24 25 26 27 0
683 64 65 66 67 68 69 70 71 72 0
684 10 11 12 13 14 15 16 17 18 0
685 19 20 21 22 23 24 25 26 27 0
686 10 11 12 13 14 15 16 17 18 0
687 1 2 3 4 5 6 7 8 9
688 37 38 39 40 41 42 43 44 45 0
689 46 47 48 49 50 51 52 53 54 0
690 1 2 3 4 5 6 7 8 9
691 10 11 12 13 14 15 16 17 18 0
692 55 56 57 58 59 60 61 62 63 0
693 28 29 30 31 32 33 34 35 36 0
694 19 20 21 22 23 24 25 26 27 0
695 28 29 30 31 32 33 34 35 36 0
696 1 2 3 4 5 6 7 8 9
697 46 47 48 49 50 51 52 53 54 0
698 46 47 48 49 50 51 52 53 54 0
699 73 74 75 76 77 78 79 80 81 0
700 19 20 21 22 23 24 25 26 27 0
701 19 20 21 22 23 24 25 26 27 0
702 64 65 66 67 68 69 70 71 72 0
703 37 38 39 40 41 42 43 44 45 0
704 73 74 75 76 77 78 79 80 81 0
705 82 83 84 85 86 87 88 89 90 0
706 19 20 21 22 23 24 25 26 27 0
707 73 74 75 76 77 78 79 80 81 0
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